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ABSTRACT

Analysis of medical images play a crucial role in diagnosis and treatment of several dis-
eases in human body. Texture classification is an important tool for segmentation, tissue
characterization and organ/boundaries detection in medical images. In this research,
we mainly focussed on characterization of tissues in thyroid Ultrasound (US) images so
that a thyroid region can be classified from the non-thyroid region. The goal of this
thesis was to segment a thyroid region in 2D thyroid US images by characterizing the
thyroid and non-thyroid textures using several image and signal based texture classifi-
cation approaches. The segmented thyroid images could be used for 3D reconstruction
and computation of the thyroid volume. The volumetric analysis of thyroid allows for

diagnosis of probable thyroid diseases.

The first part of the thesis focuses on using classic image based methods to segment
the thyroid. Active Contours Without Edges (ACWE), Graph Cut (GC) and Pixel
Based Classifier (PBC) were used for thyroid segmentation in 2D US images. These
approaches were compared based on accuracy, computation time, robustness and level

of human interactions required.

The second part explains a novel feature extraction technique that parametrically mod-

els a signal version of the US image as a data resulting from a dynamical process.
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Autoregressive (AR) modelling is used to compute several energy based features which
are used to train different machine learning (ML) based classifiers. Similarly, Higher
Order Statistical Analysis was also used as another feature extraction technique in a
separate study. The extracted features were then used for training several machine
learning classifiers. The trained classifiers were later used to classify the thyroid and

non-thyroid textures.

The final part focuses on using current deep-learning (DL) based approaches to segment
the thyroid. We trained a U-Net Convolutional Neural Network and a Fully Connected
Convolutional Neural Network (FCNN) using several 2D thyroid US images. The trained
CNNs were used for segmenting the test thyroid US images. Throughout the study, we
saw that all the ML and DL based approaches require large amount of training images
to segment the thyroid with significant accuracy. Hence, we explored the possibilities
of generating synthetic 2D thyroid US images using Generative Adversarial Networks
(GAN).
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Outline

A brief description of the main concepts of this thesis are presented in the following

section.

Chapter I: Introduction In this chapter, the importance of thyroid in human body
as well as US imaging for thyroid disease diagnosis are discussed. Additionally, other
imaging modalities are discussed to highlight the safety and cost effectiveness of US

compared with these modalities.

Chapter II: Classic Image Based or Data Driven Segmentation Methods for
Thyroid Segmentation This chapter presents the existing image based segmentation
techniques specially for thyroid segmentation as well as the 3D reconstruction of the seg-
mented thyroid for volumetric analysis. The problems associated with the segmentation

approaches are highlighted to find a robust solution.

Chapter III: Thyroid Segmentation with Machine Learning Classifiers Trained
using Features from Different Feature Extraction Techniques Based on the
problems identified in the previous chapter, several feature extraction techniques are
discussed. A novel feature extraction technique by modelling a signal version of an US
image is proposed and discussed. Similarly, higher order statistical features as well as
features obtained using the apriori information based on the physics of the US imaging
process have been discussed. These features are later used to train different machine

learning classifiers for thyroid segmentation.

Chapter IV: Deep Learning for Thyroid Segmentation Usually, it is a tough and
time consuming task to compute robust hand-crafted features in thyroid US images.
This problem can be easily tackled by using some deep learning methods since these
methods compute very generalized to high level features. This chapter presents the

segmentation of thyroid using two convolutional neural network architectures.



Chapter V: Discussion and Conclusion A general explanation of different ap-
proaches used for thyroid segmentation along with the results, advantages, drawbacks

and possible improvements are discussed in this chapter.
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CHAPTER 1

Introduction

History of Medical Imaging: Medical Imaging is the process of visualizfing the inte-
rior body parts for non-invasive medical intervention and clinical analysis. The history
of medical imaging dates back to 1895 when Wilhelm Conrad Roentgen discovered X-ray
for the first time [13]. Roentgen made it possible to visualize the internal body struc-
tures without any human intervention. This way of non-invasive medical intervention
revolutionized the way of diagnosing and treating injuries and diseases in human body.
Since then, many new medical imaging technologies like Magnetic Resonance Imaging
(MRI), Ultrasound (US), Computed Tomography (CT), Positron Emission Tomogra-
phy (PET), Single Photon Emission Computed Tomography (SPECT), Elastography,

Echocardiography, Spectroscopy, etc. have been discovered.

However, the advent of computers in the world of medical imaging was seen in early
1970s when CT and MRI were introduced. Since then, numerous approaches have been
developed to make medical imaging an easily accessible and easy to use technology. With
the introduction of computers and new medical imaging technologies, understanding of
human physiology and anatomy has increased significantly. The term 'Machine Learn-
ing’ was coined in 1959 by Arthur Samuel and its first use was seen in early 1970s when
Edward Shortliffe developed an early backward chaining expert system called MY CIN

to identify bacteria causing severe infections such as bacteremia and meningitis.

Over the span of last fifty years, medical and technological advancements have enabled

the growth of healthcare-related applications. The priorities have been on correct diag-



nosis of diseases, assistance and validation of the treatment and monitoring the possible

recurrence of the diseases.

1.1 Background and Motivation

Context: Thyroid is one of the largest endocrine glands in human body. It is a butterfly
shaped organ located in the neck anterior to the trachea and below the Adam’s apple.
It is a two lobed gland with each lobe connected by a bridge (isthmus) in the middle as
shown in Fig. 1.1. It weighs about 15 to 20 gram in adults. Thyroid is involved in a lot
of body mechanisms like regulating the metabolic functions in the body including heart
rate, cardiac output, lipid metabolism, heat regulation and skeletal growth, controlling
energy sources usage, synthesis of proteins and controlling body’s sensitivity to other

hormones [5].

Fig. 1.1: Thyroid Gland in Human Body [/]

Due to these important functionalities in the human body, thyroid is one of the impor-
tant organs. However, thyroid is susceptible to many thyroid diseases like the Graves’
( excessive production of thyroid hormones), subacute thyroiditis (inflammation of thy-

roid), thyroid cancer, goiter (thyroid swelling), thyroid nodules (small abnormal lump



grows in the thyroid), etc [5,53].

Problem Statement: Most of the thyroid diseases often involve the change in the
shape and size of thyroid over time. Hence it is essential to monitor and track these
changes. Thyroid segmentation and volume computation of thyroid are the two impor-
tant imaging tools that can be used to monitor the different stages of thyroid. Improved
diagnosis, treatment, follow-up and monitoring of thyroid diseases like thyroid nodule,
Goiter, Graves’, thyroiditis, thyroid cancer, etc. have been made possible by the recent

advancements in the medical imaging sector.

US imaging is used widely for imaging the thyroid in human body. However, the quality
of images in US is not optimal for analysing different anatomical structures due to the
presence of speckle noise and low contrast. This makes it a very challenging task to
process US images compared to MRI or CT. Similarly, the manual segmentation/an-
notation of thyroid region is highly subjective as it can differ from person to person.
Hence, it is essential that an automated approach has to be used to identify the thyroid

region in an US image.

Proposal: US, MRI, CT and scintigraphy have been used for imaging of the thyroid
gland. A detailed analysis of these imaging modalities are presented in the next section.
US is the preferred imaging modality since it is much cheaper, safer and painless for
patients compared to other modalities. Hence, we propose a 2D freehand thyroid data
acquisition approach compared to the acquisition of the 3D volume directly. This is
because, segmenting the individual 2D thyroid US images and reconstructing them to a
volume possess greater advantages than segmenting the volume directly as segmenting
the 3D image is very complex and requires larger computation power. Additionally, 2D
segmentation of thyroid allows a detailed analysis of the shape of the thyroid. For the
segmentation of the thyroid, we propose two novel feature extraction methods combined

with different machine learning approaches to classify the textures inside and outside
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the thyroid and compare these approaches with several classical image based and deep
learning based approaches. Similarly, two different tools are proposed to 3D reconstruct

the segmented thyroid for volumetric analysis.

Hypothesis: The presence of speckle noise, low contrast and signal to noise ratio
(SNR) makes it difficult to segment the thyroid in US images [25]. In order to tackle
these issues, a novel feature extraction technique has been proposed. This approach
analyzes the textures in the thyroid US images as signals resulting from a dynamical
process. The main hypothesis of this approach is that, the textures from thyroid and
non-thyroid regions have completely different dynamical patterns and analysing these
dynamical patterns using a parametrical modelling (i.e. autoregressive modelling) allows
classification of different textures in thyroid US images. This approach works even with
less amount of data and is not affected by the presence of speckle, low contrast and SNR

as seen in US images.

As mentioned earlier, US images contains speckle noise which is known to have a non-
Gaussian distribution and the formation of these noise result from a non-linear process.
Hence, speckle noise is dependent on the behaviour of the sound propagation in different
body structures depending on the texture [20,50]. Thus, the speckle noise formation
from the thyroid and non-thyroid regions should also be different in characteristics. A
method (i.e. higher order statistical analysis) that could process these non-linear data
(i.e. speckle noise) and model the differences in the characteristics of speckle noise along
with different textures in a thyroid US image would allow us to classify different regions

with better accuracy.

These two feature extraction techniques combined with machine learning should perform
similarly if not outperform the classic segmentation approaches as well as the deep

learning based approaches.
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Objectives: The main objectives of this thesis will be to propose two novel feature ex-
traction techniques combined with machine learning to classify the textures in thyroid
US images. These approaches in conjunction with machine learning will be compared
with the pre-existing classic image segmentation techniques as well as with the recent
deep learning approaches to prove the robustness of the feature extraction process. Simi-
larly, two tools for 3D reconstruction of segmented thyroid US images will be introduced

for volumetric analysis.

Contributions: The main contributions of this thesis are (i) segmentation of the thy-
roid using classic image based approaches and identifying their drawbacks (Chapter 2),
(ii) developing novel and robust feature extraction techniques for thyroid segmentation
(Chapter 3) and (iii) applying deep learning methods for thyroid segmentation and

generation of synthetic thyroid images (Chapter 4):

(i) The segmentation of thyroid US images using three widely used image based (data-
driven) approaches are presented in Chapter 2. These approaches directly use
the pixel information from the images to segment the thyroid. Similarly, these
approaches are used for segmentation of a two-dimensional (2D) US image at
a time. Our contribution to this work is that we extend these approaches to
segment not only one image at a time, but a series of freehand thyroid US images.
This allows the medical experts and the physicians to segment a large number of
thyroid US images at once instead of segmenting them one by one. We have also
identified the limitations of these approaches for thyroid segmentation, proposed
two machine learning based approaches to address the limitations of the image
based approaches and compared their results with the approaches from the state

of art.

(ii) A novel and robust feature extraction method using the parametrized signal based
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version of the thyroid US images has been presented in Chapter 3. Along with
it, another approach of higher order statistical features extraction has been pre-
sented. These robust features are used for training several ML based classifiers.
A comparison with different methods in the literature proves that the extracted
features are very robust and allow the ML classifiers to segment the thyroid US

images with high accuracy.

(iii) Despite of the high accuracy obtained using our features in Chapter 2, it is a cum-
bersome task to compute the hand-crafted features. Hence, we have used Con-
volutional Neural Networks (CNN) to segment the thyroid US images in Chapter
3. These approaches however require a large amount of US images for training.
Hence, computation of synthetic thyroid US images using Generative Adversarial
Network (GAN) could be a possible solution to solve the problem of data avail-
ability. This work on GAN has been presented in the discussion and conclusion

section in the last chapter of the thesis.

1.2 Thyroid Imaging

There have been four major modalities being used for thyroid imaging: (1) Scintigraphy,
(2) Computed Tomography (3) Magnetic Resonance Imaging and (4) Ultrasound [18,

,58]. All of the four techniques provide structural as well as the location and size
information of the thyroid glands. The first technique provides the spatial distribution
of the thyroid functional attributes (i.e. how the tissues interact with the external
elements for example a radioactive isotope)whereas the last three techniques provide
the spatial distribution of the structural attributes in the thyroid such as the varying

degree of echogenicity of the tissues under examination
Scintigraphy: It is a diagnostic test where specialized scanners called Gamma Camera
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capture the emitted radiation by the radioisotopes either by themselves or tagged to
a protein or other molecules travel to some specific organs or tissues to form a 2D
image. Several iodine-based radionuclide (Iodine-131, Iodine-123) or technetium-99m
pertechnetate are widely used isotopes for thyroid scintigraphy. Two new scintigraphy
techniques, PET and SPECT have been used recently for the imaging of the thyroid.
Both of these approaches produce 3D images using a gamma camera to detect gamma

ray photons emitted from the radioisotopes inside the body.

Scintigraphy is specially used for imaging and evaluation of the thyroid nodule as hot,
warm or cold depending on the amount of radioactive isotopes taken by the nodules.
This allows the determination of the gland size, localizing of the thyroid tissues, eval-
uation of the nodules, differentiation of various forms of goitre and identifying non
functioning cancers [51]. Due to these factors scintigraphy has been widely used for

imaging the pathological thyroids.

Computed Tomography (CT): It is an imaging technique that combines the X-
ray images taken from different angles and cross-sections to create a 3D volumes of
different anatomical structures under visualization. A CT scanner comprises of a single
or multiple X-ray source/s and detector/s. CT can be used for visualization of both the

hard and soft tissues and organs.

For thyroid imaging, it is generally used in four different scenarios which are detection of
the incidental thyroid nodule, evaluation of the thyroid metastases, presurgical imaging
for invasive disease and evaluation for recurrence in the post-treatment neck. [27]. CT
are also used in conjunction with PET and SPECT for detecting thyroid nodules and

cancers.

Magnetic Resonance Imaging (MRI): It is a medical imaging technique that uses

strong magnetic fields, magnetic field gradients and radio waves to generate images of
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different anatomical structures in the body. Specifically, the hydrogen atoms inside the
human body are aligned to the direction of the static magnetic field inside the MRI
machine. A radio frequency (RF) pulse is then passed to the human body causing the
protons to be aligned perpendicular or anti-parallel to the static magnetic field. When
the RF pulse is turned off, the protons flip back to their original spin by releasing
electromagnetic energy. The MRI image is produced by analysing the different energy

released by different tissues during the relaxation process.

MRI is used for visualization of the soft tissues in human body (for example, the ab-
domen, brain, thyroid etc.) Similar to CT, MRI can also be used for four different
scenarios as mentioned above. Unlike C'T and scintigraphy, MRI does not involve the
usage of X-rays or the ionizing radiations. This makes it safer compared to the afore-

mentioned techniques.

Ultrasound (US): US images are produced by the reflection of US waves from different
body structures. The superficial location of the thyroid in the neck makes it easily

accessible using the high-frequency US waves (1-15 MHz).

Two different modes of US are used in the medical imaging: A-mode (1-D amplitude
information) that uses a single transducer to scan a line through the body and plots
the echoes as a function of depth and B-mode or 2D mode, which uses a linear array of
transducers simultaneously to scan a plane through the body and computes a 2D image

using the acoustic properties of the US images reflected from various body parts.

Recent technological advancements have made it possible to visualize 3D US images.
For the 3D visualization, a special 3D probe containing curvilinear transducers inside
a casing which automatically swivel during the image acquisition are used. Similarly,
a freechand 2D US scans can be obtained using a tracking system (for example, elec-

tromagnetic (EM), optical, inertial etc.) and they can be computed volumetrically to
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compute a 3D volume. US is usually used for determining the size and number of thy-
roid nodules, to access the volume of the thyroid gland and to differentiate the thyroid
tissues from the non-thyroid tissues. Doppler imaging in US even allows screening of

the thyroid nodule for malignancy [15].

Compared to the imaging modalities above, US is safer to use for the patients since it
uses only US waves unlike CT which uses the harmful X-rays and scintigraphy which
exposes the patients to ionizing radiations. Similarly, it is portable as compared to
MRI which is very heavy because of the big magnets used to create magnetic fields.
Additionally, US is very cost effective compared to other imaging modalities. Due to

these advantages, we decided to use US for imaging the thyroid.

1.3 Data Acquisition

In this work, LogiqE9 US machine from General Electric (GE) was used to acquire
freehand 2D thyroid US images. The machine was equipped with Ascension driveBay
EM tracking system. Hence, each US was acquired along with a tracking matrix. The
tracking matrix provided the transformation from the origin of the tracking system to
the center of each image. These tracking matrices are used for 3D reconstruction of
the segmented images to compute a 3D volume of thyroid. 6L and 12L transducers
were used for acquiring the linear 2D thyroid US images. A total of two datasets were
acquired using the Logiq E9 system. The first dataset (Dataset 1 - D1) consisted of
six subjects with each subject containing between 53 and 189 2D thyroid US images.
A total of 675 thyroid images with an image size of 760 x 500 pixels were acquired.
Similarly, the second dataset (Dataset 2 - D2) consisted of sixteen subjects with each
subject containing between 156 and 289 2D thyroid images. A total of 3,370 thyroid US

images with an image size of 760 x 1020 pixels were acquired. The two datasets were
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acquired by medical experts from SurgircEye GmbH and University Clinic Magdeburg,

Germany [3].
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CHAPTER 2

Classic Image Based or Data-Driven
Segmentation Methods for Thyroid
Segmentation

2.1 Definition of Segmentation in Medical Imaging

Context

The term segmentation refers to partitioning of an image into multiple segments. During
this partitioning, each pixel in the image is assigned to one of the segments depending
on certain characteristics. The segments can be from 2 to many. An example of segmen-
tation of brain MRI image is shown in Fig. 2.1. In the figure, the red segment refers to
the white matter, green refers to the gray matter and blue represents the cerebrospinal

fluid in the brain.

Fig. 2.1: GE LogiqE9 US machine
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Each pixels in a segment share similar characteristics such as color, intensity, texture,
etc. However, there is a difference of characteristics between the segments. Segmentation
is an essential tool in image analysis, object recognition, visualization and many different
image processing tasks. One of the application areas of segmentation is medical imaging
as it can be used to compute region of interests, area and volume of different anatomical
structures for locating tumors and other pathologies, planning and simulation of surgery

scenarios and many more [5].

When it comes to image based segmentation, the images are partitioned into different
segments by directly operating on the pixel information (i.e. data-driven approaches)
in the images. For example, edges, colors, gradients, histograms, etc. are computed
using the pixel intensities in the images and each pixel is assigned a segment depending
on these characteristics. There are several state-of-the arts techniques that use this

information for thyroid segmentation. We will discuss about them in the section below.

2.2 Related Work

There have been may research works that use the pixel information in the 2D and 3D
US images for segmentation of the thyroid. Segmentation of 2D thyroid US images
using edge detection, thresholding, region splitting and merging, watershed segmenta-
tion, active contour, graph theory and segmentation using normalized cut (Ncut) were
performed by Zhao et al. [70]. Active contour without edges (ACWE), localized region
based active contour and distance regularized level set were used by Kaur et al. [30] to
segment the 2D thyroid US and Scintigraphy images. Similarly, a local region-based ac-
tive contour was proposed in [11] for segmentation and area computation of the thyroid
in 2D US images. Augustin et al. [02] used fuzzy c-means algorithm, histogram cluster-

ing, QUAD tree, region growing and random walk [6] to segment and test thyroid US
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images. Mylona et al. used the local geometry information (i.e. orientation coherence
in the edges of the regions to be segmented) to control the evolution of the contour in
region based active-contour implementation for segmentation of medical images [17,15].
Level set active contour models based on variable background active contour and joint

echogenicity texture were used in [43,60] to segment thyroid US images.

Compared to the 2D segmentation of thyroid US images, there have been very limited
research works to segment a full 3D thyroid image using the classic image based segmen-
tation approaches. Kollorz et al. have proposed a semi-automated thyroid segmentation
approach for volumetric quantification using geodesic active contour [32]. Poudel et al.
used ACWE, graph cut and pixel based classifier approaches to segment the 2D thyroid
US images and reconstructed them to get a 3D segmented thyroid [55]. Osman [52]
worked on his PhD thesis to perform a complete segmentation and analysis of 3D thy-
roid US images by thresholding the voxel intensities and then connecting the similar
voxels to predict the segmenting region. Apart from US images, there has been a work
on segmentation of thyroid CT images in 3D. Dornheim et al. used 3D mass-spring

models for thyroid segmentation by creating 3D deformable shape models [23].

2.3 Contributions

The approaches discussed above are used for segmentation of a single US image at a
time. These non or semi-automatic approaches have to be initialized by the user every
time they have to segment an image in a freehand US dataset. Hence, to get rid of this
problem, three widely used classic image based segmentation approaches were chosen
and an extension was made so that they could segment a sequence of thyroid US images
in a dataset without the need of the user to initialize or operate on individual US images.

ACWE, GC and PBC were chosen as these approaches usually work on a 2D image but
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they can be extended to segment a sequence of freehand US images by making use of
the spatial relationships between the corresponding thyroid US image frames. A brief
explanation on how the extension of segmentation from a single US image frame to

corresponding frames was done using ACWE, GC and PBC are explained below.

The segmentation results using these approaches showed that the segmentation was not
highly accurate since these approaches failed to segment the smaller parts in the thyroid
(eg: isthmus). Hence, two different machine learning based approaches were proposed
for segmenting the thyroid images in 3D. Random Forest Classifier (RFC) and a U-Net
convolutional neural network were used for this task. These approaches could segment

the thyroid images with better accuracy compared to the three image based approaches.

Active Contour Without Edges (ACWE): The segmentation of thyroid US image
was performed using the level set approach from Chan and Vese [15]. ACWE starts
with the initialization of a square/rectangular mask around the thyroid region. The
initialized contour then evolves over certain iterations towards object contours using
the principle of energy minimization [29]. After segmenting an image using ACWE, a
center of mass of the segmented object was computed which was used to find a probable
center of mass of the thyroid in next image. Tracking matrices acquired during the
image acquisition phase were used to compute this center of mass of consecutive images
around which an initialization of a contour is done automatically. The details of the
computation of the center of mass, probable center of mass of consecutive image frames

and initialization of the initial contour are presented in Chapter A.

Graph Cut (GC): The approach of GrabCut algorithm from Rother et al. [16] is used
to segment the thyroid US images using GC. It starts with the creation of an initial
trimap by marking inside and outside of thyroid region as foreground and background
regions. Two Gaussian Mixture Models (GMM) are computed from the initial marking

and a graph is build at the final stage that separates the foreground pixels from the
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background pixels. This distinguishes the thyroid region from the non-thyroid region.
The initial user initializations are interpolated in the corresponding image frames to
mark different regions, create corresponding GMMs and finally segment the consecu-
tive images automatically. The user can make multiple initializations to improve the
accuracy of segmentation. However, this increases the computation of the algorithm.
Thus, an optimization between the number of user interactions and computation time
has to be made to obtain the most accurate segmentation results using GC. A detailed

explanation of this approach is presented in Chapter A.

Pixel Based Classifier (PBC): Three different image based features on a 4 and
8-neighbourhoods of each pixel were calculated to train the decision trees for thyroid
segmentation. The selection of the features for this work was based on the work of
Chang et al. [L6]. PBC starts with the user clicking on the inside and outside of the
thyroid region in multiple thyroid images. The features are computed from these areas
which are passed for training the decision trees. The trained decision trees later segment
the thyroid region from the non-thyroid regions. The user can click in different regions
after the segmentation process if the segmentation results are not highly accurate. The
user should be very careful in selecting the thyroid and non-thyroid regions as the wrong
initialization might lead to wrong segmentation. A post-processing step was followed
after the segmentation to get rid of over segmentation if there were any. This step
involved some morphological operations to find the largest connected component in the

segmented thyroid.

The segmentation results from these three approaches were later used for 3D recon-
struction and volume computation of the segmented thyroid using Imfusion [!] and
MeVisLab [2] imaging tools. The segmented images were saved as binary images to
make a video file. The video file along with the tracking matrices acquired during the

image acquisition phase could be passed to the ImFusion and MeVisLab for 3D recon-
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struction of the thyroid as well as volume computation. An interpolation between the

corresponding image frames of the US sweep is done to compute the 3D thyroid.

A comparison of segmentation accuracy, computation time, robustness of the algorithm
and number of user interactions required were performed. ACWE performed the best
in terms of accuracy with an average Dice Coefficient (DC) of 0.80. Similarly, PBC
required the lowest number of user interactions and was the fastest of all the three

methods.

To tackle the problems faced using these three approaches, two machine learning based
approaches were proposed. RFC and U-Net could segment the thyroid images directly
in 3D and produced better segmentation results. RFC and U-Net could segment the
thyroid with an accuracy of 0.862 and 0.876 respectively in terms of Dice Coeflicient
(DC). Similarly, these approaches were automatic and could directly obtain the volume
of the thyroid. Still, the accuracy of around 0.87 with these approaches were not suf-
ficient for our task. Hence, we decided to explore more techniques using the feature

extraction combined with machine learning and deep learning approaches.

The details of the implementation of all the five algorithms, their performance analysis

and comparison with the works from literature are presented in Chapter A.
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CHAPTER 3

Thyroid Segmentation with
Machine Learning Classifiers
Trained using Features from
Different Feature Extraction
Techniques

3.1 Introduction and Definition

US images have speckle noise [25] which are produced by the interference of the returning
US waves at the transducer aperture as the US images are produced when the reflected
sound waves from different surfaces inside the body are picked up by the transducer. The
presence of speckle noise along with shadow artifacts and low signal to noise ratio makes
it very difficult to segment US images. A preprocessing step can be applied to improve
the US image quality, however this changes the textural properties of the structures in
US images. Hence, a robust approach has to be applied to extract novel features even
in presence of the speckle noise, shadow artifacts and low SNR and without changing

the natural textural characteristics of different anatomical structures in US images.

Texture Based Features: are used to quantify the image texture inherent in the
images by measuring the smoothness, coarseness and regularity of pixels which form an
image [3,15]. These features can be used for various applications such as segmentation,

registration and lesion classification [14]. Generally, statistical features like histograms,
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entropy, homogeneity, mean and variance, geometrical features like perimeter, area,
convexity and extent of the structure under investigation, morphological features such
as formation factor, roundness, long and short axis, etc, and frequency or spectral based
features are used for analysing the textures in US images [15]. These approaches are
however data-driven, meaning that the texture features are computed directly using the

pixel intensities in the images that are affected by the presence of speckle noise.

3.2 Related Work

Thyroid segmentation and nodule characterization and classification have been major
research topics in the literature. Many approaches have been presented in the literature
for extracting features in thyroid US images. China et al. [20] have used apriori infor-
mation based on the physics of the US imaging process and segmented the thyroid in
US images by applying Iterative Random Walks and Random Forest. Similar to thyroid
segmentation, several feature extraction techniques have been proposed for classifying
thyroid nodules. Statistical features [28, 33, 01], spectral based features [7, 10], higher
order statistical based features [11,57], wavelet based features [3,9,12] and fractal based
features [10,50]. Similarly, first and second order statistical features (like gray-level
histogram, entropy, correlation, mean, etc.) were used by Muller et al. [10] to classify

thyroid nodules as benign or malignant.

Additionally, a novel boundary detection method and local binary patterns for texture
analysis was proposed in a work by Keramidas et al. [31]. Apart from the feature
discussed above, several machine learning based approaches that train on using the
extracted features have been used for thyroid segmentation and nodule characterization
in US images. A polynomial Support Vector Machine (SVM) was used in [61] to segment

thyroid gland in US images. Chang et al. [I7] proposed a radial basis function (RBF)
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neural network to segment the blocks of thyroid gland. Speckle related pixels and
imaging artefacts were used as a source of information or features by Narayan et al. [19]
to perform a multi-organ (thyroid, carotid, artery, muscles and trachea) segmentation
in US images. Nikita et al. [63] used grey level co-occurence matrix based features and
classified them using SVM, k-nearest neighbour and bayesian classifiers to classify benign
and malignant thyroid nodules. Similarly, SVM and probabilistic neural networks were
used by Tsantis et al. [68] to classify thyroid nodules using morphological and wavelet

features.

3.3 Contributions

The feature extraction techniques discussed above were used for extracting image based
features from thyroid US images and these features were used for training the ML
classifiers. This data-driven approach of feature extraction does not capture the true
dynamical differences of the textures inside the thyroid due to the presence of speckle
noise, low contract and high SNR in the US image. Hence a robust feature extraction
method had to be used that could capture the dynamical texture difference inside of
the thyroid and on the same time, it should not be affected by the presence of speckle

noise, low contrast and SNR of the US images.

Hence, to tackle these problems, two different feature extraction techniques were used
separately and the extracted features were used for training different ML classifiers to
classify and finally segment the thyroid in US images. A brief explanation of these two
feature computation techniques and eight machine learning approaches that were used
are discussed below. Additionally, a statistical mechanical model based on the physics
of the US imaging process along with iterative random walks (IRW) solver, random

forest (RF) and a gradient vector flow (GVF) was used for volumetric segmentation of
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thyroid US images. A detailed explanation of this approach is presented in Chapter B.

3.3.1 Feature Extraction

Autoregressive Modelling (AR): In this approach of feature extraction, a thyroid
US image is first divided into smaller texture patches. The texture patches are converted
to four different types of signals by traversing the texture patch matrices in ZigZag, Spi-
ral, ZigZag Transpose and Spiral Transpose (see Figure C.3). These signals are then
decomposed into four narrowband signals depending on different frequency components
(low, high, middle and total frequency bands) by applying Continuous Wavelet Transfor-
mation (CWT). This transformation produces a total of 16 different narrowband signals
which are modelled usign a parametrical AR model [12]. A total of 222 different features
were computed using the parameters of the AR model which were undergone a series
of optimization processes. Finally, 30 different energy based features were computed to

train different ML classifiers.

This parametrical approach of modelling the thyroid texture models the texture dy-
namics inside and outside of the thyroid region by not operating directly on the pixel
intensities but on the parameters of the modelled texture. The predictive characteristics
of such a model representation provides with a good estimations of the characteristics
of the texture in thyroid US images. Hence, it is not affected by the presence of speckle
noise and low contrast and SNR issues in the US images. A complete explanation of

the feature extraction and the AR modelling process is explained in Chapter C.

Higher Order Statistical Analysis (HOSA): This approach of feature extraction
was also worked on the texture patches as in AR modelling. However, the patches are
not converted to signals. The extracted texture patches were then used to compute the

bispectrum using the bispectral analysis. Bispectral analysis is a higher order spectral
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analysis technique that measures the assymmetry of a random process about its mean
[65,67]. For the detailed explanation of how these features were computed, a detailed
explanation is provided in Chapter D. The bispectrum matrix is used for computation
of the features. A total of ten different energy, frequency and entropy based features

were computed by modelling the texture patches using bispectral analysis.

US images in general contain speckle noise which is known to have a non-Gaussian
distribution and the formation of these noise results from a non-linear process. Hence,
the speckle noise is dependent on the behavior of the sound propagation in the different
structures inside the body depending on the texture [26,50]. Since HOSA deals with
the processing of the non-Gaussian data (i.e. speckle noise in our case), there is no need
for any kind of pre-processing. This makes HOSA a well suited approach for extracting

features from the thyroid US images.

3.3.2 Machine Learning for Thyroid Segmentation

Naive Bayesian: A naive bayesian classifier is a probabilistic model that represents
the joint probability distribution of a set of random variables, which in our case are
the AR features. These random variables were classified as thyroid and non-thyroid to
segment the thyroid. It was tested using Weka [6] on D1 and obtained an accuracy of

86.26% with a sensitivity of 0.85 and specificity of 0.59.

Adaptive Boosting (Adaboost): Similar to Naive Bayesian, it was also tested using
Weka on D1. Adaptive Boosting is a machine learning based algorithm which is used in
conjunction with many other types of learning algorithms for performance improvement.
Hence, it is a kind of ensemble learning. In our case we have used the decision stump
classifier [11] as weak classifiers. This approach obtained an accuracy of 87.04 with a

sensitivity of 0.79 and specificity of 0.604.
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K-Means: k-means is an unsupervised machine learning method that is used for clus-
tering of different observations into a predefined number of clusters. In our case, we
clustered the 30 dimensional feature vectors into two different clusters (thyroid and
non-thyroid). The approach obtained an accuracy of 89.66% with a sensitivity of 0.95
and specificity of 0.70 in D1 and an accuracy of 86.89% with a sensitivity of 0.891 and

a specificity of 0.623 in D2.

Linear Discriminant Analysis (LDA): LDA is a form of dimensionality reduction
method which can be used as a classification algorithm for predictive modelling. It is
divided into two steps, 1) Discrimination where, the information is used in a learning set
of labelled observations to construct a classifier (or classification rule) that will separate
the predifined classes as much as possible and 2) Classification where a set of given
measurements on a new unlabelled observation, use the classifier to predict the class of
that observation. An accuracy of 90.6% with a sensitivity of 0.827 and specificity of
0.811 were obtained in D1 and an accuracy of 87.23% with a sensitivity of 0.771 and

specificity of 0.575 in D2.

Bootstrap Aggregating (Bagging): Bagging is an ensemble machine learning ap-
proach that can be used for classification and regression problems. It is very similar
to adaptive boosting with the only difference being on how the selection of the data is
made for training the individual decision trees. A total of 50 different decision trees were
used for the training purpose. The output of each of the decision trees are averaged to
produce the final classification results. An accuracy of 93.34% with a sensitivity of 0.94
and specificity of 0.89 were obtained in D1 and an accuracy of 91.87% with a sensitivity
of 0.8462 and a specificity of 0.5830 in D2.

Support Vector Machine (SVM): A SVM is a discriminative classifier that separates
a labelled training dataset into different categories. A line is used as a hyperplane to

categories data in a 2D space. However, in our case, the 30 features from each texture
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patch make it a 30 dimensional data. Hence, a kernel has to be defined that to divide
this large dimensional data into two classes (thyroid and non-thyroid). A radial basis
function (rbf) kernel was used to achieve this categorization. An accuracy of 89.5% with
a sensitivity of 0.896 and specificity of 0.818 were obtained in D1 and an accuracy of

88.7% with a sensitivity of 0.887 and specificity of 0.556 in D2.

Artificial Neural Network (ANN): ANN is an interconnected web of input, hidden
and output nodes (or layers) called artificial neurons. The input layer receives the
input data which in our case are the 30 different features and these features are passed
onto hidden layers which compute several high-level features. These high-level features
are passed onto output layer which classifies these features as either thyroid or non-
thyroid class. A back-propagation step is used to correct the mistakes made during
the prediction phase at the output layer. The correction improves the accuracy of
classification of the features. This process is repeated until the best predictions are
made. An accuracy of 93.0% with a sensitivity of 0.928 and a specificity of 0.970 was
obtained in D1 and an accuracy of 89.4% with a sensitivity of 0.935 and a specificity of
0.535 in D2.

Random Forest Classifier (RFC): RFC is a ensemble supervised learning algorithm
that is comprised of a forest of several decision trees. RFC creates a set of decision
trees from randomly selected subset of training data and aggregates the votes from each
decision tree to decide the final class of the test object. An accuracy of 92.5% with a
sensitivity of 0.925 and specificity of 0.866 was obtained in D1 and an accuracy of 0.891

with a sensitivity of 0.935 and a specificity of 0.517 in D2.

The detailed explanation of the implementation of k-means is presented in Chapter C
and SVM, RFC and ANN are presented in Chapter E. Naive bayesian, adaptive boosting,
LDA and bagging were used as a feasibility analysis for testing the robustness of the

extracted features for thyroid texture classification. Hence, the results of Naive Bayesian
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and Adaptive Boosting were only presented as a conference paper in Comptuer Assisted
Radiology and Surgery (CARS) conference. Similarly, the results of LDA and Bagging
were presented in IEEE Engineering in Biology and Medicine (EMB) conference. These
papers have been listed in the selected publications section in the beginning of this

thesis.
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CHAPTER 4

Deep Learning for Thyroid
Segmentation

4.1 Introduction to Deep Learning

Deep learning (DL) is a part of machine learning that works mainly based on neural
networks. DL can be either of supervised, semi-supervised or unsupervised learning.
DL has been used in different fields such as automatic speech recognition, image recog-
nition, visual art pricessing, natural language processing, bioinformatics, medical image
analysis, etc. Apart from its usability in numerous applications, segmentation of vari-
ous anatomical structures has been an important field of research in medical imaging

community.

Convolutional Neural Network (CNN) is one of the deep learning approaches that has
been used for image segmentation. CNN was originally developed by LeCun et al. [35]
to recognize hand-written numbers on bank checks. A typical CNN consists of an input
layer, multiple hidden layers and an output layer. The hidden layers of a CNN consist
of a series of convolutional layers that perform the convolution of input image with
different filters. Apart from the convolutional layers, it may contain pooling layers, fully
connected layers and normalization layers and activation functions that compute the
activations of each neuron/node. The final convolution layers involves back-propagation

step which updates the weights of each nodes to achieve a better functioning network.
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Computation of hand-crafted features in US images for segmentation tasks is often
challenging because of the complexity of different organs as well as the presence of
speckle noise and low contrast and SNR. Similarly, it is a very time consuming task
to compute robust features. DL allows the computation of these robust and high level
features by passing the images through different layers. For example, the lower layers
might identify edges, curvatures, etc in the images, while the deeper layers may recognize
the objects or anatomical structures as a whole (eg: thyroid, liver, kidney or something

else).

4.2 Related Work

There have been many works on segmentation of thyroid and nodules characterization
using deep learning methods. Garg et al. [21] used a feed-forward neural network to

segment thyroid gland in US images. A cascaded CNN involving a U-shaped CNN

was used for segmenting nodules in thyroid US images by Xiang et al. [69]. Similarly,
a cascaded CNN with two deep fully connected CNN was used by Ma et al. [37] for
automatic detection of thyroid nodules in US images. Liu et al. [36] used CNN to

compute deep semantic features and combined these features with conventional features
such as histogram of oriented gradient and local binary patterns to form a hybrid feature

space. These features were later used for classification of thyroid nodules in US images.

On another work by Ma et al. [38], a fusion of two CNNs pretrained on natural images
from ImageNet database [22] was used for diagnosis of thyroid nodules. A pre-trained
GoogLeNet [66] was used for feature extraction in thyroid US images and the extracted
features were used later for classification using RFC by Chi et al. [19]. Apart from seg-
menting the thyroid in US images, some works have been done in segmenting thyroid

images from other imaging modalities. A work from Ma et al. [10] involved distin-
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guishing of four different thyroid diseases (hyperthyroidism, hypothyroidism, methylene
inflammation and Hashimoto disease) using CNN trained on SPECT images. Another
work from Ma et al. [39] involved usage of CNN with optimization-based computer-
aided diagnosis to diagnose three different thyroid diseases (Graves’ disease, Hashimoto

disease and subacute thyroiditis) in SPECT images.

4.3 Contributions

As seen in the literature, most of the works have made in classification of thyroid
nodules and diagnosis of different types of thyroid diseases. Very limited works have
been made in segmenting the thyroid gland as a whole. Hence, in this work, we focussed
mainly in segmenting the thyroid gland using two different architectures of CNN. The
three network architectures are the U-Net CNN by Ronnberger et al. [59] and a fully

connected convolutional network (FCNN).

U-Net: U-Net architecture was first used by Ronneberger for segmentation of neuronal
structures in electron microscopic tasks and for cell tracking in miscroscopy images.
This network can work even with few training images. Hence, it was decided to use
this network for segmenting thyroid US images. A U-Net architecture consists of the
down-sampling and up-sampling layers that analyse the images by contracting in each
successive layers and then expanding in order to produce a full-resolution segmentation

respectively.

The down-sampling path consists of 3 x 3 convolution followed by a rectifier linear unit
(ReLU) in each layer and then a 2 x 2 max pooling with no stride. The output feature
space is doubled in each layer in the down-sampling path and the up-sampling path
remaps the lower resolution feature maps to a higher resolution space of the input images.

This is done by up-sampling the feature maps followed by a 2 x 2 convolution (up-
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convolution) which halves the number of feature channels in each up-sampling step, a
concatenation with the corresponding feature map from the down-sampling path and two
3 x 3 convolutions each followed by a ReLLU activation. A total of 23 convolutional layers
were used. The final activation function predicts the output label for all the pixels in the
image (i.e. thyroid or non-thyroid as the output of the network). 'Binary Crossentropy’
was set as the loss function and ’adam’ optimizer was used for the minimization of the
loss function and the network was trained for 20 epochs. The learning rate of the network
was set to be 1 x 107 with a batch size of 32. Data augmentation was carried out by
flipping, scaling and varying the lighting condition to the original image datasets (D1
and D2). A dropout of 0.25 was used in both the down-sampling and up-sampling layers.
Additionally, all the images were normalized using the Z-score method (i.e. subtracting
the mean and then dividing by the standard deviation of the pixel intensities of each
patch). The U-net architecture that was implemented in shown in Fig. 4.1.
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Fig. 4.1: Architecture of the U-Net CNN

The trained CNN classified each pixel in an image as either thyroid (=1) or non-
thyroid(=1). The segmented images were undergone a post-processing stage where a

largest connected component was chosen and the smaller components were disregarded.
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A train-test split of 80% (out of which 80% were used for training and 20% for valida-
tion) and 20% was used for the training and testing of the CNN on both the datasets
(D1 and D2). An example of thyroid segmentation using U-Net on D1 and D2 is shown
in Fig. 4.2. In the figure, each of the first and the second rows represent four different
thyroid images with different shapes and sizes from dataset D1 and D2 respectively.

With this technique, a test accuracy of 0.872 and 0.896 were obtained in D1 and D2

respectively.

Fig. 4.2: Segmentation of thyroid in US images using U-Net. Green: Ground Truth,
Red: U-Net Segmented Thyroid region

Fully Connected Neural Network (FCNN): A deep fully connected neural network
was implemented for the classification of thyroid. A different approach was used to train
this network. The thyroid US image was divided into smaller texture patches and the
patches were assigned a label as thyroid (=1) or non-thyroid (=0). This division of an
image into smaller texture patches possess some advantages as compared to training
the image as a whole because it allows the network to learn more localized features in

a smaller region.

The network consisted of three convolution layers, where the first convolution layer
extracted very generalized features like edges, curvatures, pixel intensities, etc. and the

deeper layers could extract more sophisticated and high level features that could identify
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the whole texture patch as a thyroid or non-thyroid. A total of 32 filters with 3 x 3
size were used in the first layer. These filters were doubled in each consecutive layers
with the last layer having 128 different filters. The convolution layers were followed by
a Leaky Rectified Linear Unit (Leaky ReLU) and max-pooling layer of size 2 x 2 with
0 stride. ’Categorical Crossentropy’ was set as the loss function and ’adam’ optimizer
was used for the minimization of the loss function. The last layer consisted of a two
nodes with softmax activation to predict the probability of each pixel in the texture
patch being either a thyroid or non-thyroid. Data augmentation was not carried out
as we had a big texture patch database (660,250). Similar to U-Net, in order to avoid
the problem of over-fitting, a dropout of 0.25 and normalization using Z-score method
were used. A detailed explanation of the architecture, training and hyper-parameters

selection have been presented in Chapter F.
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CHAPTER 5

Discussion and Conclusion

In this thesis, three main approaches for thyroid segmentation were proposed. First,
three different image based (data-driven) classic segmentation approaches were used for
segmenting the freehand thyroid US datasets. ACWE, GC and PBC methods were
used for segmenting the thyroid in a single 2D US image. The segmentation results of
one image were used for segmenting the subsequent images in the dataset. The spatial
relationship between the corresponding image frames was investigated to extend the
segmentation from one image to another without the need of any human interaction.
The approaches were compared based on accuracy of segmentation, ease of use (i.e.
number of human interaction required), robustness and computation time. Similarly,
the approaches were compared with state-of-art methods and it was found that they
performed better than two of the approaches in the literature. DC and Hausdorft Dis-
tance were used as the performance measure. ACWE performed the best out of the
three approaches achieving an average DC of 0.80 and HD of 8.1 mm. Similarly, PBC
required the least number of user interaction and also the least computation time. 3D
reconstruction of the segmented images was performed using Imfusion and MeVisLab
tool and the volume comparison was done with the ground truth. A closest approxima-
tion of the volume of thyroid was obtained with ACWE achieving 11.29 ¢m?® compared
to the ground truth volume 13.56 ¢m3. These approaches however failed in segmenting
the smaller structures in thyroid (such as isthmus) and were not fully automatic. Hence,

two different fully automatic and robust methods (i.e. RFC and U-Net) for segmenting
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the 3D thyroid images were also proposed and these methods could segment the thyroid
with more accuracy compared to the three approaches. The result obtained with these
approaches encouraged us to explore more with the feature extraction combined with

machine learning and deep learning approaches.

In the second phase, the problems identified in the first phase were investigated. Hence,
machine learning was used for classification and segmentation of thyroid texture using
the robust features extracted using two different methods as well as using the physics
behind the formation of US images. The first feature extraction technique used the
parametrized signal version of thyroid US images to extract 30 different energy based
features using AR modelling. The extracted features were used for training eight dif-
ferent machine learning classifiers. In the second study, HOSA was used for extracting
10 different energy, frequency and entropy based features. The extracted features were
then used for training a SVM for classifying thyroid texture. In another study, a weak
estimate of the thyroid texture is obtained using a statistical mechanics model of US
texture formation and a combination of RFC, IRW and GVF was used for segmenting
a 3D volume of thyroid by processing individual image frames. The approaches were
compared with different approaches in the literature and performed better in terms of
DC, sensitivity and specificity. ANN achieved the best DC of 0.930 and specificity of

0.970 and k-means achieved the best sensitivity with 0.950.

Feature extraction from US images is a challenging task since US images suffer from
speckle noise and low contrast and SNR. Even though a successful feature extraction was
possible using AR modelling and HOSA | it was a very tough task. Hence, a possibility of
using deep learning approaches that computes the features by itself was explored in the
final phase of the thesis. U-Net architecture and a fully connected CNN were used for
segmenting the thyroid in US images. Both the approaches obtained similar accuracy

as obtained by the machine learning approaches in Chapter 3. This proves the fact that
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the features extracted using AR and HOSA are highly robust to accurately segment the

thyroid in US images.

All the work in this thesis revolved around analysis of the healthy thyroid US images.
So, a small study was done to work with pathogenic images using U-Net since it does
not require the computation of highly sophisticated features. The hyper-parameters like
number of epochs, batch size, dropout, learning rate, momentum, etc. were changed to
segment the nodules in thyroid images. 17 epochs were used for training the network
using the early early stoppage criteria on loss function where the network was stopped
from training if the loss did not decrease in five consecutive iterations. The batch size
of 16 was used with dropout of 0.2 after each max-pooling layer. Adam optimizer with
learning rate of 0.001 and the momentum of 0.9 was used as the loss function. The
network was trained on only 453 unhealthy thyroid images and tested on 117 images.
Due to a smaller number of images for training the U-Net, an accuracy of 0.612 in terms
of DC was obtained. This accuracy could be easily improved by training the network
on more images (also including data augmentation) as well as with better optimization
of the network. Some examples of nodule segmentation using U-Net have been shown

in Fig. 5.1.

Similarly, the machine and deep learning approaches usually require a large amount of
data for training and usually it is difficult to acquire these images in medical imaging
community because of ethical issues. Hence, to solve the problem of data availability,
an approach of computing synthetic thyroid US images was employed using Generative
Adversarial Networks (GAN). GAN is a deep learning approach that is based on training
of two different neural networks alternatively. A GAN comprises of a generator and
discriminator network where the generator tries to generate new or 'fake’ images from
random input noise as the input and the discriminator tries to identify whether the

input image it gets is a real or fake. Hence, the two networks are learning from each
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Fig. 5.1: Example of thyroid nodule segmentation using U-Net in four different thyroid
Us images. Green: Ground Truth, Red: Segmented Nodules

other. The training goes on until the discriminator is no longer able to distinguish the
real and fake images successfully. A comparison between real thyroid US images and

images produced using GAN are shown in Fig. 5.2.

The discriminator network consisted of 6 convolution layers with 3 x 3 convolution filters
doubling in each subsequent layers starting from 8 and upto 256. Each convolution layer
was followed by a batch normalization, dropout of 0.25 and an average pooling. The
activation function used was LeakyReLU. Two dense layers were in the output layer
with a sigmoid activation. The size of the input images to the discriminator was 256 x
256 x 3. The input to the generator was a noise vector of size 4096 which was upsampled
at each convolution layer to create the final US image of size 256 x 256. The filters were
halved in each layer starting from 512 and upto 4. A total of eight convolution layers

were used with a ReLU activation.

As future works, the features extracted using AR modelling and HOSA could be tested

to classify thyroid nodules as benign or malignant. Similarly, more feature extraction
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Real Images Fake Images

Fig. 5.2: Left: Real Thyroid US Images, Right: Fake Thyroid Images generated using
GAN

techniques such as discrete wavelet transform and AR, empirical model decomposi-
tion [34], gray level co-occurrence matrix, etc could be used to extract more features.
The AR and HOSA features themselves could be combined for thyroid segmentation.
Segmentation using DL approaches could be investigated furthermore using the popular
networks like AlexNet, GoogleNet, CaffeNet, etc. Additionally, DL approaches could
be used for feature extraction and these features along with the AR and HOSA features
could be used for training different ML classifiers for thyroid segmentation. These works

would increase the clinical relevance of thyroid segmentation even more.
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The thyroid is one of the largest endocrine glands in the human body, which is involved in several body mechanisms like
controlling protein synthesis and the body’s sensitivity to other hormones and use of energy sources. Hence, it is of prime
importance to track the shape and size of thyroid over time in order to evaluate its state. Thyroid segmentation and volume
computation are important tools that can be used for thyroid state tracking assessment. Most of the proposed approaches are not
automatic and require long time to correctly segment the thyroid. In this work, we compare three different nonautomatic
segmentation algorithms (i.e., active contours without edges, graph cut, and pixel-based classifier) in freehand three-dimensional
ultrasound imaging in terms of accuracy, robustness, ease of use, level of human interaction required, and computation time. We
figured out that these methods lack automation and machine intelligence and are not highly accurate. Hence, we implemented two
machine learning approaches (i.e., random forest and convolutional neural network) to improve the accuracy of segmentation as
well as provide automation. This comparative study intends to discuss and analyse the advantages and disadvantages of different
algorithms. In the last step, the volume of the thyroid is computed using the segmentation results, and the performance analysis of
all the algorithms is carried out by comparing the segmentation results with the ground truth.
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Abstract

The thyroid is one of the largest endocrine glands in the human body, which is involved
in several body mechanisms like controlling protein synthesis and the body’s sensitivity
to other hormones and use of energy sources. Hence, it is of prime importance to track
the shape and size of thyroid over time in order to evaluate its state. Thyroid segmen-
tation and volume computation are important tools that can be used for thyroid state
tracking assessment. Most of the proposed approaches are not automatic and require
long time to correctly segment the thyroid. In this work, we compare three different
non-automatic segmentation algorithms (i.e., active contours without edges, graph cut,
and pixel-based classifier) in freehand three-dimensional ultrasound imaging in terms of
accuracy, robustness, ease of use, level of human interaction required, and computation
time. We figured out that these methods lack automation and machine intelligence and
are not highly accurate. Hence, we implemented two machine learning approaches (i.e.,
random forest and convolutional neural network) to improve the accuracy of segmen-
tation as well as provide automation. This comparative study intends to discuss and
analyse the advantages and disadvantages of different algorithms. In the last step, the
volume of the thyroid is computed using the segmentation results, and the performance
analysis of all the algorithms is carried out by comparing the segmentation results with

the ground truth.

A.1 Introduction

The segmentation and volume computation of thyroid are of prime importance when it
comes to the diagnosis and treatment of thyroid diseases. Thyroid is a butterfly-shaped
gland located below the Adam’s apple on the front of the neck. Most of the thyroid

diseases like Graves’ (excessive production of thyroid hormones), subacute thyroiditis
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(inflammation of thyroid), thyroid cancer, goitre (thyroid swelling), and thyroid nodule
(small abnormal lump growths in thyroid) involve changes in the shape and size of thy-
roid [1]. Hence, it is essential to compute the volume of thyroid over time to identify
whether the thyroid is healthy or not. We use ultrasound (US) imaging for data acqui-
sition instead of other imaging modalities as it is much safer and painless when used on

the patients.

Several research works have been proposed on how to segment the thyroid in individual
2D US images. Zhao et al. [2] proposed several approaches (edge detection, method of
threshold value, region splitting and merging, watershed segmentation, active contour,
graph theory, US image segmentation based on Ncut, and segmentation based on im-
proved normalized cut) based on 2D segmentation of thyroid in US images. Kaur and
Jindal [3] segmented thyroid from 2D US and scintigraphy images using active contour
without edges, localized region-based active contour, and distance regularized level set.
Augustin et al. [4] tested and segmented thyroid US images using fuzzy c-means al-
gorithm, histogram clustering, QUAD tree, region growing, and random walk [5]. A
polynomial Support Vector Machine (SVM) was used [6] to segment the thyroid gland
in US images. A local region-based active contour was proposed [7] to segment and
compute the area of segmented thyroid in a 2D US image. Another region-based active-
contour implementation to segment medical images was carried out by Mylona et al.
[8, 9] where they encoded the local geometry information (i.e., orientation coherence
in the edges of the regions to be segmented) to control the evolution of the contour.
Similarly, thyroid segmentation in US images using a novel boundary detection method
and local binary patterns for texture analysis was proposed by Keramidas et al. [10].
Level-set active-contours models for thyroid segmentation in US images were used in
[11, 12]. These methods were mainly based on variable background active contour and

joint echogenicity texture. Garg and Jindal later worked on feedforward neural network
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[13] to segment thyroid gland from US images. Recently, Narayan et al. [14] made use
of the speckle-related pixels and imaging artefacts as source of information to perform
multi-organ (thyroid, carotid artery, muscles, and trachea) segmentation in thyroid US

images.

Similarly, several research works have been carried out to segment a full 3D thyroid
image. Kollorz et al. [15] proposed a semi-automated approach to classify thyroid gland
for volumetric quantification using geodesic active contour. Chang et al. [16] proposed
radial basis function (RBF) neural network to segment the blocks of thyroid gland.
3D mass spring models for thyroid cartilage segmentation by creating a 3D deformable
shape models were proposed by Dornheim et al. [17] but on computed tomography (CT)
images. A complete segmentation and analysis of 3D thyroid images was carried out by
Osman [18] by thresholding the voxel intensities and then connecting similar voxels to

predict the segmenting regions.

The aforementioned approaches have limitations in the sense that they work either on
a single 2D image or on a whole 3D image and they do not make use of the spatial
relationship between the neighbouring US slices. Hence, we propose three widely used
segmentation algorithms which usually work on a 2D image but can be extended to
segment a sequence of freehand US images by making use of the spatial relationships
between the corresponding image frames. These three approaches are based on active
contours without edges (ACWE), graph cut (GC), and pixel-based classifier (PBC). In
case of ACWE, the centroid of the segmented image is used as the priori information to
find the location of contour initialization in the corresponding slices. GC allows the user
to select the foreground and background areas in one image, and these information are
transferred to the corresponding slices for further initialization. In PBC, the user clicks
inside and outside of the thyroid region to extract the features for thyroid segmentation

which are used to train the decision trees and later to classify thyroid and nonthyroid
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regions in the corresponding images. Our approach of segmenting individual slices
and then reconstructing them to a volume possess greater advantages than segmenting
directly on the volume itself as segmenting on the 3D image is very complex and is
difficult to control. Also, segmentation in 2D allows to analyse the shape of the thyroid

in detail as compared to segmenting directly on the thyroid volume.

The main purpose of this work is to compare three nonautomatic segmentation tech-
niques, which are based on ACWE [19], GC [20], and PBC [16] to perform the segmen-
tation in the thyroid images. They are compared based on their accuracy, robustness,
ease of use, and computation time. We also compare the results of these approaches to
some of the existing methods [17] that use mass spring models. These algorithms were
chosen over others as they can be used not only on one image but also on a sequence
of US images in a dataset to produce a 3D segmented thyroid as the information from
a segmented image could be transferred to the corresponding image slices to segment
them. Additionally, when the segmentation is ongoing in different images in a dataset,
the user could directly interact with the segmentation results and correct them if there
are any under- or oversegmentation. After segmentation, the segmented images are later
used for 3D reconstruction and volume computation using ImFusion [21] and MeVis-
Lab [22]. We figured out that the nonautomatic methods pose several disadvantages
and thus implemented two automatic machine learning based methods such as Random
Forest Classifier (RFC) and Convolutional Neural Network (CNN) and compared their
performance with the nonautomatic methods. We came to the conclusion that the com-
monly used algorithms could not segment a series of US images highly accurately as

compared with these supervised learning techniques.
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A.2 Materials and Methods

In this section, we will explain the three non-automatic as well as the two automatic
methods that are compared in this work to segment the thyroid glands in US images.
The automatic methods use 3D thyroid images while the non-automatic methods use
2D images. We will also present the 3D reconstruction (using segmented results from

non-automatic methods) as well as volume computation technique.

A.2.1 Active Contour without Edges

Preprocessing

ACWE segmentation was followed by a preprocessing step as the algorithm mainly
worked on the gradient information for contour evolution and the preprocessing step
improved the gradient visualization. US images mainly contain speckle noise [23] and
have low contrast [16]. The speckle noise is produced by the interference of the returning
ultrasound waves at the transducer aperture as the ultrasound images are produced when
the reflected sound waves from different surfaces inside the body are picked up by the
transducer. To enhance the contrast and suppress the speckle noise, a preprocessing step
is carried out. Contrast enhancement [24] is used to improve the visibility of the thyroid
region. In this work, we make use of Histogram equalization technique which is one of
the methods used in contrast enhancement. It helps in recovering the lost contrast in
the image by remapping the brightness values such that they are distributed over all
the pixels. After histogram equalization, median filter is applied to suppress the speckle

noise. It not only reduces speckles but also preserves the gradient/edge information.
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Segmentation

After preprocessing, the segmentation process was carried out using the level-set ap-
proach developed by Chan and Vese [19]. It is based on the minimization of the

Mumford-Shah functional and involves four main steps.

In the first step, the user starts by initializing a rectangle/square mask around the region
to be segmented. The initialization of the mask (Fig. A.1) is a very important step in
this algorithm as a wrong initialization can lead to the segmentation of unnecessary
segments inside the image. The initial mask separates the image into two regions:
foreground (=1) which is inside of the mask and the background (=0) which is outside

of the mask.

Fig. A.1: ACWE initialization of the mask by the user

In the second stage, a Signed Distance Function (SDF), ¢ is computed from the initial
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mask (C) by using Euclidean Distance. SDF is one of the methods of representing the
level sets which are used to keep track of evolving curve over time. Our goal is to evolve

¢(z,y) when the evolving contour (C) is the zero level set of ¢(x,y,t) at each time t.

Thirdly, the forces that control the evolution of the initial contour are computed. These
forces are: force from the image and force from curvature. Hence they are calculated as

following;:

-Fimage = / (I - uzn)Z +/ (I - /’Lout)2 (Al)
insideC outsideC

where, I is the image, p;, is the average inside the contour and ., is the average outside

the contour.

2 o 2 4 _
624 Dy + 02 % G — 20500y A2

(62 + ¢2)2

F curvature

All the derivatives of ¢ are computed using central difference method. Using these two
forces, the evolution of the curve is computed using the Taylor expansion given by the

following equation:

¢((z,y),t + At) = Dt x o+ ((x,y), 1) (A.3)

where,

Ema e
¢t = x Fcurvature + CA—- (A4)

mazx| Fimage|
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where, « represents the smoothing term and e represents the coefficient to satisfy
Courant, Friedrichs, Lewy (CFL) condition [14]. The evolution of the contour stops

after the given number of iterations are complete.

Forces
Computation

Contour
evolution
Segmented
image
o o oo o o tr'(; """ | 11 Initial Image of the dataset
| | Estimate centre Compute distance and C " I M :Initial Mask of the algorithm (given by the
i of mass of next angle between centres of ompute | operator inl;
1 : : centre of mass |
! image current and next image i ks : Segmented Image
o050 S B S R S B T A S A RSB S A A S SIS TSRS A 4 I : K™ Image being processed
Extension of ACWE to segment rest of the images in the dataset My : Initial Mask for the Image I,

Fig. A.2: Schematic description of ACWE segmentation method

In the last stage, the result of the segmentation on the first image of the dataset is used
to segment rest of the images in the dataset. After the segmented thyroid is obtained,
its centre of mass is computed. This centre of mass is used to find probable centre of

mass of the thyroid in next image slice.

It is computed by making use of the tracking matrices obtained during the data acquisi-
tion phase. Each image in the dataset has an associated tracking matrix which gives the
transformation from the origin of electromagnetic (EM) tracking system to the centre of
the image. Hence, the centre of each image can be computed using the transformation

matrix which has the information about the centre of each image in the dataset.
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Using this information, the Euclidean distance between the image centres of the current
and the next image is computed and the angle between the centres is computed. After
computing the distance and angle between the two image centres, a probable centre of
mass of the thyroid in the next image is computed by traversing the same distance and
angle from the centre of mass of the current segmented thyroid [26]. Centre of mass
computed this way will serve to be the centre of rectangle in the next image frame
around which the new mask will be initialized automatically. The size of the rectangle
will be the same as it was drawn by the user in the first image. In this way, the
automatic initialization of segmentation mask is done in the consecutive image frames
which will undergo the ACWE algorithm to produce segmented thyroids. The schematic

description of the approach is presented in Fig. A.2.

A fixed number of iterations is set by the user for the contour evolution. By increas-
ing the number of iterations, the computation time will be higher. Hence, a trade-off
between the accuracy and computation time has to be maintained while running this

algorithm.

A.2.2 Graph Cut

This approach makes use of the GrabCut algorithm from Rother et al. [20]. It is also
a semi-automatic 2D segmentation algorithm just like the ACWE as the user needs to
mark the regions as being thyroid and nonthyroid in the initialization phase. It starts
with the user creating an initial trimap by marking the thyroid region to be segmented
by using yellow scribbles and the surrounding (i.e., nonthyroid) regions by using violet
scribbles as seen in Fig. A.3. The pixels outside of the violet scribble are marked as
known background, pixels inside of the violet scribble are marked as unknown, and the

yellow scribble areas are marked as definite foreground. The schematic description of
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the approach can be seen in Fig. A.4.

Fig. A.3: Graph cut initialization of the user

Then, an initial image segmentation is computed where all the unknown pixels are placed
in the foreground class and all the known background pixels are placed in the background
class. These initial foreground and background classes are used to construct foreground
and background Gaussian Mixture Models (GMMs) using the Orchard-Bouman clus-
tering algorithm [27]. Each pixel in the foreground class is assigned to the most likely
Gaussian component in the foreground GMM, and similarly, each pixel in the back-
ground class is assigned to the most likely background Gaussian component. With the
new distribution of the pixels, the initial GMMs are disregarded and new GMMs are

learned from the pixel distributions in each of the two classes.

Finally, a graph is built which consists of each pixel as node and two special nodes (i.e.,
foreground and background). All of these nodes are connected by two types of edges
(also called as links). The first link (i.e., N-link) connects a pixel to its 8-neighbourhood
pixels. These links describe the penalty for placing a segmentation boundary between

the neighbouring pixels. The second link (i.e., T-link) connects each pixel to the fore-
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ground and background nodes. Each of these links has a weight which represents the
probability of a pixel belonging to either a foreground or a background. These probabili-
ties are computed in the GMM models and updated in each iteration until a convergence
is reached to get a segmented thyroid. The weight of the N-links between pixel m and

its 8-neighbourhood pixels, n , is computed as

T o Bllam—zll? (A.6)

N(m,n) = dist(m,n)

where z,, is the color of pixel m, v = 50 as suggested by Blake et al. [28], and f is given

as following by Boykov and Jolly [29]:

1 2
- AT
p 2<||,zm—znH ~ (A7)
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Fig. A.4: Schematic description of GC segmentation method
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The initial user initializations are interpolated in the corresponding slices to mark the
thyroid and nonthyroid regions (i.e., foreground and background) and create correspond-
ing GMMs. The aforementioned processes are then repeated in each individual images
to segment all the thyroid in the dataset. The advantage of this algorithm over ACWE
is that it is much faster than ACWE and the user can interact with the result of the
segmentation (i.e., postsegmentation) and correct if any errors are present. The results
of the segmentation from GC in all the 2D images are used to reconstruct the 3D thy-
roid by using MeVisLab [22]. The 3D model is updated as soon as the user tries to
improve the segmentation results by further interaction in the segmented images. Thus,
the accuracy of the algorithm is directly proportional to the number of user interactions

on the segmented images.

The increased number of user interactions adds to the computation time of the algo-
rithm. Hence, an optimum number of user interaction should be chosen to obtain the
best segmentation results with minimum user interaction. For this purpose, the user

interaction in every 10 slices or every 2mm was proposed.

A.2.3 Pixel-Based Classifier

This approach is based on training the decision trees by using different features com-
puted from the images. In this work, three image features are computed. The selection
of the features is based on the work of Chang et al. [16]. The first feature that is com-
puted is the coefficient of variation C,, = % where 0 means the standard deviation and p
is the mean of the user selected region during the initialization process. This coefficient
is computed in two different sized neighbourhoods (i.e., 4-neighbours and 8-neighbours)
of every pixel, thus resulting in two features. The third feature that is computed is the

mean of the smaller of the two neighbourhoods. So, the first two features are the coef-
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ficient of variation at two different sized neighbourhoods of every pixel, and the third

feature is the mean of the smaller of the two neighbourhoods.

The algorithm starts by the user clicking on the inside and outside of the thyroid in
several thyroid images from where the features are computed which are then passed as
training input for the decision trees. The trained trees later classify the different regions
in the image as thyroid or non-thyroid. After segmentation, the user can click in more
regions to improve the segmentation results. However, selection of wrong thyroid regions
for training the decision trees might result in over-segmentation. So, the user should
carefully select the thyroid regions. The presented approach is shown in the schematic

diagram in Fig. A.5.

User clicks inside
and outside of Features extraction
thyroid regions J

Training decision trees
Ig I

}

Segmentation of
thyroid region by
trained decision trees

|

Morphological
operations to get largest]
segmented region

Fig. A.5: Schematic description of PBC segmentation method

After segmentation and correction of the segmentation errors, still some regions which

are not part of thyroid might exist. In order to eliminate these regions, morphological
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operations were carried out to find the largest connected component which is then

considered to be the final segmented thyroid.

We also tried to test this approach by using additional features as presented in Chang
et al., but we found out that these features only slightly improved the segmentation
accuracy, while the computation time increased significantly. Hence, we selected only
the three aforementioned features and trained our decision trees with them. Similarly,
we chose to work with decision trees instead of radial basis function (RBF) neural

network as used in Chang et al. because of its faster computation time.

This approach is the most intuitive one and requires the least user interaction. However,
the user can select more than one thyroid region during the initialization phase, and the
features are computed accordingly. So, the user should wisely select the regions that

are only the part of thyroid.

A.2.4 Random Forest Classifier (RFC)

This approach is based on training a random forest classifier for a binary classification
problem, which classifies each of the voxel in the thyroid US images as thyroid or non-
thyroid. RFC is basically a type of ensemble learning method which constructs a final
classifier using a set of M individual weak classifiers. In our case, we created 12 binary

decision trees of depth 10.

We trained our RFC using a 10-fold cross validation technique where 9 datasets were
used for the training and 1 as validation data for testing the trained model. This was
repeated until all the 10 datasets were used for testing at different iterations. The RFC
approach uses some typical out of the box image processing features including gradients,
Laplacian, Gaussian blur, and resampling at various resolutions, making it a total of 30

different features for training the decision trees. These features are computed in each
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voxel with voxel size 15.

The input from the training data for each of the trees, z € {1,..., M}, in the ensemble
is created by using bootstrapping of the samples (bagging) from the training dataset
and randomly sampling the subset of the features supplied to the each tree. Each
tree is a collection of nodes N and features F, which aid to final classification result. A
decision tree is made up of a single parent node N, ,,, multiple splitting nodes Ng , ;, Vi €
{1,...,k}, and leaf nodes N, ;,Vj € {1,...,p}. During splitting of the nodes, the best
split is not chosen based on all the features but a random subset of features from the

training dataset.

All the leaf nodes inside a decision tree will have a final probabilistic model ¢, ; € [0, 1]
associated with it. The final decision of a forest for each of the patches extracted
from the US images is made by averaging the individual decisions (¢, ;(p)) from all the

individual trees in the forest.

PP (y(p) = 1) = 1> 6.(0) (A8)

We have used the most common and recognized method to train the classifier [31] and

[32]. The implementation of RFC is carried out using IMFUSION [18].

A.2.5 Convolutional Neural Network (CNN)

This approach is based on training of the CNN using the U-net architecture (Fig. A.6)
proposed by Ronneberger et al. [32] which consists of encoder and decoder parts that
analyse the whole image by contracting in each successive layers and then expanding in
order to produce a full-resolution segmentation, respectively. Just like RFC, the training

and testing of CNN is performed using a 10-fold cross validation technique. The input
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for the CNN consists of a 3D thyroid US images and its corresponding ground truth.
The input can be represented as D = (1,,, Gn), where I,, denotes one of the thyroid US
image and G, denotes its ground truth obtained from medical experts.

Output: 3D probability maps for each
class (i.e. Thyroid/non-thyroid)
Input: 3D thyroid USImage
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Fig. A.6: Architecture of our 3D U-Net CNN. Each green box represents the feature
maps.

The network consists of two paths (i.e downsampling/encoder/left side and upsam-
pling/decoder /right side). The downsampling path consists of two 3 x 3 x 3 convolution
followed by a ectified linear unit (ReLu) in each layer and then a 2 x 2 x 2 max pooling
with stride of 2 in each dimension. The number of feature channels are doubled in each
downsampling step. The upsampling path remaps the lower resolution feature maps to
the higher resolution space of the input images. It does this by upsampling the feature
maps followed by a 2 x 2 x 2 convolution (up-convolution) which halves the number
of feature channels in each upsampling step, a concatenation with the corresponding
feature map from the downsampling path and two 3 x 3 x 3 convolutions, each followed
by a ReLu activation. The final convolution layer uses a 1 x 1 x 1 convolution with a

voxel-wise softmax activation function to compute a 3D probability map for each of the

68



target label (i.e. thyroid or non-thyroid) as the output of our network.

Since the available datasets were only with 10 datasets consisting of 1416 images, we had
to make sure that the network was not overfitting. We performed data augmentation
by rotating the images at random angles between -10°and +10°; translating between -20
and +20 voxels in each dimension, scaling between -1.5 to 1-5 times from the original
size and since the thyroid are in elft and right side in human body, we also flipped the
images. We added a dropout of 25% after each pooling layer so that the unnecessary
neurons are discarded. Finally, we used Adam optimizer with relatively low learning
rate to make sure that the network was not overfitting. During the training, we observed
that the validation accuracy was very close to that of the training accuracy which proves

that our network was not overfitting.

A.2.6 3D Reconstruction and Volume Computation

This step involves 3D reconstruction and volume computation of the segmented thyroid
from ACWE and PBC using IMFUSION [18] and GC using MeVisLab imaging tools.
The segmented 2D images are stored as binary images which are processed to make
a video. The video file is passed along with the tracking data to IMFUSION and
MeVisLab for 3D reconstruction of the thyroid as well as volume computation. The
reconstruction is done by the interpolation between the corresponding image frames of

the ultrasound sweep to fill the empty spaces between the image slices.

Volume computation of thyroid is particularly important for the medical doctors as this
allows them to keep track of the size of the thyroid over time and diagnose whether the

patients have any thyroid disorders or not.
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A.3 Experimental Results

A.3.1 Data Collection

We acquired the thyroid datasets from different clinical university hospital-based sources.
A total of 6 healthy human datasets were acquired using the General Electric (GE) Logiq
E9 US system which was equipped with the Ascension driveBay EM tracking system.
These dataset along with the ground truth are available at Open-CAS [33]. A ML6-15
linear probe was used to acquire the data. All the images were acquired along with a
tracking matrix that gave the transformation from the origin of the EM tracking system
to the centre of the image. These matrices are used for the 3D reconstruction of the
segmented thyroid. The images for the evaluation of nonautomatic methods had a size

of 760 x 500 pixels.

A total of 1416 2D images corresponding to 10 datasets were acquired and used for the
evaluation of both the automatic and nonautomatic methods. The 3D models of all
the 10 datasets were used for evaluating the automatic methods. All these datasets are
stored in the DICOM format. To evaluate the accuracy of our segmentation approaches,
we acquired the ground truth by manually tracing the thyroid contour with the help of
two medical experts from Magdeburg university clinic using MeVisLab. The datasets
are presented in Table A.1. The results and discussion may be presented separately, or

in one combined section, and may optionally be divided into headed subsections.

A.3.2 Evaluation Procedure

For evaluation of the segmented images, we compare all the segmentation algorithms
using two performance measures. We compute Dice’s Coefficient (DC) to compare the

segmentation accuracy between Active Contours, Graph Cut and Pixel Based Classifier.
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Table A.1: Acquired Datasets for the evaluation of non-automatic and automatic meth-
ods.

Dataset | Number of Images
D1 96
D2 50
D3 94
D4 55
D5 135
D6 167
D7 216
D8 211
D9 201
D10 191

Total 1416

Similarly, we compute Hausdorff Distance (HD) to compare the accuracy of all the
algorithms with the works of Dornheim et al. [14]. These measures are computed by

comparing the segmentation results with the ground truth images.

Dice’s Coefficient is a numerical estimate used for comparing the similarity of two
samples. In our case, it is a measure to see how accurate our segmented results were
by comparing the segmentation results with the ground truth obtained by manual seg-
mentation of the thyroid by trained medical staff. It ranges from 0 to 1, 0 meaning
the two datasets are completely different from each other and 1 meaning the datasets

completely overlap with each other. It is computed by using the following formula:

2| XNY|

Dice’'s Coef ficient = ———
[ X+ (Y]

(A.9)

where, X is the segmented image and Y is the ground truth.

Similarly, Hausdorff Distance measures how far two subsets of a metric space are
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from each other. In other words, it is the greatest of all the distances from a point in
one set to the closest point in the other set; so the less the distance, the closer are the

sets. It is computed by using the following formula:

Hausdorff Distance = majc{min{d(a, b)}} (A.10)

€ beB

where, x are the pixels in the segmented image X and y are the pixels in the ground

truth image Y.

The results of segmentation are later used for 3D reconstruction and volume compu-
tation. We compare the volumes of the segmented thyroid obtained from all the five

algorithms. The accuracy of volume computation is computed by comparing the volume

of the 3D reconstructed segmented thyroid to that of the ground truth.

I Input Image:img041.png Contour Initialization

250 terations Segmented Thyroid

Contour Initialization

Segmented Thyroid

Fig. A.7: Segmentation of 4 different thyroid images using ACWE.
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A.3.3 Analysis of Segmentation and 3D Reconstruction

This section is further divided into two sub-sections where the first sub-section will
present the visual analysis of the segmented images and the second sub-section will
present the quantitative comparison of accuracy, robustness, ease of use and computa-

tion time of all the segmentation algorithms that we have discussed.

3) (4)

Fig. A.8: Segmentation of 4 different thyroid images using GC.

Visual Analysis

As mentioned earlier, a total of 1416 images in the ten datasets were taken for the
evaluation procedure. An example of segmented thyroid US image from each of the

proposed algorithms will be presented in this section.

The result of segmentation in four thyroid images using ACWE along with the user
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initialized mask is shown in Fig. A.7, GC is shown in Fig. A.8, PBC is shown in Fig. A.9,
RFC is shown in Fig. A.10 and CNN is shown in Fig. A.11. These segmentation results
show that the automatic methods produce better segmented thyroid as compared to
the non-automatic methods. Within the non-automatic methods, ACWE and GC give
a better approximation of the segmented thyroid region compared to PBC as it has few
over-segmented areas. In case of ACWE, the number of iterations of contour evolution
is set by the user in order to optimize between the accuracy and the computation time
and because of this, the contour does not reach the narrow areas like the isthmus as
shown in Fig. A.1. We also allow the user to stop the segmentation process where GC
is more user friendly as it allows the user to disregard the over-segmented areas in the
post-segmentation stage. PBC works by computing the features from the areas the user
select during the initialization process and because of this,only those areas that have
very similar features to that of initialized areas are segmented as thyroid region. This

results in under as well as over segmentation most of the times.

Similarly, for the visualization, we performed the 3D reconstruction of the segmented
thyroid using the whole set of 2D segmented images. The 3D reconstructed thyroid using
Imfusion is shown in Fig. A.12 and MeVisLab is shown in Fig. A.13. With MeVisLab, we
could even segment the neighbouring artery (i.e. arteria carotis) using a Hessian-based

cesselness filter [25].

Quantitative Analysis

In this section, the comparison of the accuracy of segmentation in the all the five algo-
rithms (i.e., ACWE, GC, PBC, RFC, and CNN) in terms of DC is presented in Table
A.2. Also, the comparison of segmentation accuracy of all the five algorithms with two

of the standard algorithms [17] in terms of HD is presented in Table A.3.
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(1)

Fig. A.9: Segmentation of 4 different thyroid images using PBC.

Table A.2: Comparison of DC in five segmentation algorithms.

Dataset | ACWE | GC | PBC | RFC | CNN
D1 0.841 0.729 | 0.749 | 0.859 | 0.863
D2 0.819 0.636 | 0.666 | 0.864 | 0.876
D3 0.804 0.706 | 0.610 | 0.853 | 0.872
D4 0.816 0.841 | 0.680 | 0.872 | 0.869
D5 0.771 0.706 | 0.673 | 0.831 | 0.879
D6 0.781 0.853 | 0.623 | 0.853 | 0.874
D7 0.788 0.848 | 0.659 | 0.895 | 0.895
D8 0.746 0.746 | 0.547 | 0.877 | 0.877
D9 0.785 0.676 | 0.732 | 0.841 | 0.841
D10 0.852 0.912 | 0.761 | 0.875 | 0.862

Average | 0.800 | 0.765 | 0.670 | 0.862 | 0.876
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Fig. A.10: Segmentation of thyroid using RFC: Left: Segmented thyroid images as bi-
nary images with three different viewing angles (Top-Left, Top-right and Bottom-left
and 3D thyroid in Bottom Right). Right: Original thyroid images with three differ-
ent viewing angles (Top-left, Top-right and Bottom-left and Segmented 3D thyroid in
Bottom Right

Fig. A.11: Comparison of segmentation of thyroid (red) with the ground truth (white)
using CNN: Top-left, Top-right and Bottom-left: Three different vieweing angles of
segmented thyroid and ground truth, Bottom-Right: Segmented thyroid in 3D.

The volume of the segmented thyroids from ACWE, GC and PBC were computed

after the 3D reconstruction using Imfusion and MevisLab and are presented in Table
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Fig. A.12: 3D reconstructed thyroid using Imfusion.

Fig. A.13: 3D reconstructed thyroid (white) along with the neighbouring artery (red)
using MevVisLab

Table A.3: Comparison of our approaches with other segmentation algorithms.

Approach Hausdorff Distance (mm)
ACWE 8.1
Graph Cut 8.3
Pixel-based 9.5
REC 7.5
CNN 7.0
Volumetric Mass Spring Model 11.1
Surface Mass Spring Model 9.8

A.4. The results of the volume computation from segmentation results show a close

correlation with the segmentation results as well as ground truth in terms of accuracy.

We compared the three nonautomatic algorithms not only based on their accuracy of

segmentation but also on other factors like the computation time, robustness of the
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Table A.4: Volume Comparison of 2D segmented and 3D reconstructed thyroid to

ground truth in em?.

Dataset | ACWE | GC | PBC | Ground truth
D1 10.15 8.79 | 9.04 12.07
D2 11.46 8.90 | 9.30 13.99
D3 12.45 10.97 | 9.42 15.51
D4 11.91 13.82 | 9.86 14.64
D5 10.83 9.78 | 9.41 13.93
D6 12.18 13.95 | 10.90 9.86
D3 10.85 11.68 | 9.07 13.77
D4 10.66 10.66 | 7.82 14.29
D5 11.91 10.25 | 11.10 15.16
D6 10.52 11.26 | 9.40 12.35

Average | 11.29 | 11.01 | 9.53 13.56

algorithm, number of user interactions required, etc. All the algorithms performed
differently on average where ACWE performed the best with an average DC of 0.800,
PBC performed the worst with an average DC of 0.670, and GC performed relatively well
with an average DC of 0.765. Even though ACWE was found to be the best performer,
it is not accurate enough to use for clinical practices as they require relatively higher

accuracy.

ACWE produced undersegmented and oversegmented results in some cases as the con-
tour evolution (set by the user) does not reach all the regions of thyroid (e.g., isthmus
of thyroid) as well as due to the wrong initialization of the contour (this happens when
the segmentation results from one image frame are used to segment the corresponding
image frames). In order to address these problems, the user could stop the ongoing seg-
mentation at any image frame and change the number of iterations as well as re-initialize
the initial mask. 7.7 re-initializations were required on average per dataset. Similarly,

the average computation time for ACWE was around 369 seconds in average making
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it the slowest of all the algorithms, and the initialization determined the rest of the
segmentation process. Hence, it is not very robust as compared to the other algorithms.
All the methods were implemented in MATLAB in a Lenovo T430 ThinkPad notebook
with Intel Core 15-3320M CPU, 2.60 GHz processor, and 8.00 GB RAM.

GC required the most number of user interactions (i.e., 36 scribbles on average) as
the user could visualize the segmentation results instantly and improve it with more
interactions. Hence, the quality of the results is directly proportional to the number of
user interactions using this algorithm. The computation time was around 98 seconds
on average per dataset. Graph cut is robust compared to the other two approaches as

the user can control the results of the segmentation (i.e., during post-segmentation).

PBC required very few user interactions as the user had to click twice, one inside and
one outside of the thyroid. However, the user could take more samples by additional
clicks to improve the segmentation results. On average, 4.8 clicks were made while
segmenting the images. In the same time, if wrong samples were taken, the user had to
start the process from the beginning. This makes the algorithm less robust as compared
to GC and ACWE. The computation time was around 10 seconds making it the fastest

of all the algorithms. The comparison of the computation time and the number of user

interactions required in all the three algorithms are shown in Table A.5.

Table A.5: Comparison of average computation time and number of interactions.

Algorithm | Computation Time | Number of User Interactions
ACWE 369 7.7
Graph Cut 98 36
Pixel Based 10 4.8
RFC 15.62 None
CNN 34.45 None
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datasets when tested using a 9-fold cross validation. The computation time for the
predication of one volume was on average 15.62 seconds for the RFC and 34.45 seconds
for the CNN. These approaches had higher accuracies of segmentation as compared with
ACWE, GC, and PBC. Also, these methods are highly robust as the algorithm does
not depend on user interaction. Both of these approaches were also implemented in the

same workstation as mentioned before.

A.4 Discussions and Conclusions

As mentioned earlier, it is essential to keep track of thyroid shape and size over time
as it helps to diagnose whether the thyroid is healthy or pathological. In this paper,
we have worked on three thyroid segmentation techniques which attempted to extend
the 2D segmentation algorithm to generate a 3D segmented thyroid. We have evaluated
these algorithms on the basis of accuracy of segmentation, computation time, number of
user interactions required, and the robustness. At the same time, a comparison analysis

was carried out with the works of Dornheim et al. [17].

We found that all three nonautomatic algorithms performed to different levels. However,
a specific approach can be chosen if faster results are required or the least human inter-
action is desired. The result of volume computation corresponds to the segmentation as
well as to the ground truth results which shows that the volume-rendering process was

correct. The accuracy of the discussed algorithms could be further improved.

The computation time of ACWE could be accelerated by reducing the image resolution
and using different initialization shapes (e.g., ellipse as thyroid is elliptical in shape).
Similarly, the highly echogenic areas near the thyroid could be detected by preprocessing
and later the evolution of the contour could be restricted to these areas which would

reduce the oversegmentation. The preprocessing step can be further worked on with
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new contrast enhancement and filtering algorithms so that we generate a good quality
ultrasound images before segmentation. In case of graph cut, a postprocessing step
could be added which could take the shape prior information of the thyroid and remove
the oversegmented areas automatically. Segmentation by pixel-based classifier could be
improved with more image features. It can be made fully automatic using machine
learning approaches and a postprocessing step to remove the oversegmented areas just
like in graph cut. Also, advanced thresholding and connected component analysis could
be performed to get the largest connected component and subsequently remove any
elements outside that component to get a better segmented thyroid. Furthermore, all
the acquired datasets were from healthy patients, so pathological datasets have to be

acquired and tested on the discussed algorithms to evaluate their practical usefulness.

We figured out that the first three methods lacked automation and machine intelligence,
were not highly accurate, and required long computation time. Hence, we implemented
an RFC and a CNN that predict for each voxel the probability of belonging to the
thyroid. Both approaches were trained for each voxel the probability of belonging to
the thyroid in the available ten datasets, and they show better results as compared to

the nonautomatic approaches.

As next steps, we will investigate several other thyroid segmentation approaches based
on machine learning that operate directly on the volumetric three-dimensional ultra-
sound data instead of the 2D frames volumetrically compounded with isotropic spacing
to form a 3D volume [35]. Similarly, future steps towards these automatic approaches
must include more training data especially those with thyroid diseases as we have carried

out our tests on healthy thyroid images only.

Data Availability
The data used for the evaluation purpose are uploaded in Open-CAS and available

publicly. (http://opencas.webarchiv.kit.edu/data/thyroid.zip)
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Anatomical Structure Segmentation in
Ultrasound Volumes Using Cross Frame
Belief Propagating Iterative Random Walks
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Abstract—Ultrasound (US) Is widely used as a low-cost
alternative to computed tomography or magnetic resonance
and primarily for preliminary imaging. Since speckle inten-
sity in US images Is inherently stochastic, readers are of-
ten challenged in their ability to identify the pathological
regions In a volume of a large number of images. This pa-
per introduces a generalized approach for volumetric seg-
mentation of structures in US images and volumes. We
employ an iterative random walks (IRW) solver, a random
forest learning model, and a gradient vector flow (GVF)
based Interframe belief propagation technique for achiev-
ing cross-frame volumetric segmentation. At the start, a
weak estimate of the tissue structure is obtained using es-
timates of parameters of a statistical mechanics model of
Us tissue Interaction. Ensemble learning of these parame-
ters further using a random forest is used to initialize the
segmentation pipeline. IRW Is used for correcting the con-
tour in various steps of the algorithm. Subsequently, a GVF-
based interframe belief propagation Is applied to adjacent
frames based on the Initialization of contour using informa-
tion in the current frame to segment the complete volume
by frame-wise processing. We have experimentally evalu-
ated our approach using two different datasets. Intravas-
cular ultrasound (IVUS) segmentation was evaluated using
10 pullbacks acquired at 20 MHz and thyroid US segmen-
tation is evaluated on 16 volumes acquired at 11-16 MHz.
Our approach obtains a Jaccard score of 0.937 + 0.022 for
IVUS segmentation and 0.908 + 0.028 for thyrold segmen-
tation while processing each frame in 1.15 &+ 0.05 s for the
IVUS and In 1.23 + 0.27 s for thyrold segmentation without
the need of any computing accelerators such as GPUs.

, Graduate Student Member, |IEEE, Alfredo lllanes
, Senior Member, IEEE, Pabitra Mitra, Senior Member, IEEE,
and Debdoot Sheet

, Prabal Poudel @,
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I. INTRODUCTION

LTRASOUND imaging has been employed for chinical
U use for half a century, and its salient advantages including
non-ionizing nature of radiation, real time imaging capability are
some of the factors which make it popular over other modalities
like X-rays, computed tomography (CT) or magnetic resonance
(MRI). Some of the commonly practiced clinical applications
includes intravascular ultrasound (IVUS), thyroid, abdominal,
cardiac, breast imaging, bone sonometry. prostate, fetal, oph-
thalmic imaging [1]. Current advances in signal acquisition and
tracking systems, enable volumetric ultrasound acquisition us-
ing approaches such as 2D+t, 3D, and 3D+t [2]. The primary
limitation in 2D ultrasound due to its planar appearance of struc-
tures, may lead to unavoidable occlusion of important 3D at-
tributes characteristic of pathologies leading to inter-observer
variability in reporting. Volumetric ultrasound can directly be
acquired using a 3D imaging probe or by using a tracking device
integrated with a 2D probe.

Ultrasound imaging primarily relies on sensing of backscat-
tered echoes to image an object submerged within another
medium that conceals it from direct external visibility [3]. A
pulse of acoustic wave at a fixed frequency typically more than
human audible range, is transmitted from the transducer and
travels through the tissue. During this process, its energy is par-
tially absorbed, attenuated and backscattered [4]. The backscat-
tered signal moves back to the transducer and contributes to
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Abstract

Ultrasound (US) is widely used as a low-cost alternative to computed tomography or
magnetic resonance and primarily for preliminary imaging. Since speckle intensity in US
images is inherently stochastic, readers are often challenged in their ability to identify
the pathological regions in a volume of a large number of images. This paper intro-
duces a generalized approach for volumetric segmentation of structures in US images
and volumes. We employ an iterative random walks (IRW) solver, a random forest
learning model, and a gradient vector flow (GVF) based interframe belief propagation
technique for achieving cross-frame volumetric segmentation. At the start, a weak es-
timate of the tissue structure is obtained using estimates of parameters of a statistical
mechanics model of US tissue interaction. Ensemble learning of these parameters fur-
ther using a random forest is used to initialize the segmentation pipeline. IRW is used
for correcting the contour in various steps of the algorithm. Subsequently, a GVFbased
interframe belief propagation is applied to adjacent frames based on the initialization
of contour using information in the current frame to segment the complete volume by
frame-wise processing. We have experimentally evaluated our approach using two dif-
ferent datasets. Intravascular ultrasound (IVUS) segmentation was evaluated using 10
pullbacks acquired at 20 MHz and thyroid US segmentation is evaluated on 16 volumes
acquired at 11-16 MHz. Our approach obtains a Jaccard score of 0.937 + 0.022 for IVUS
segmentation and 0.908 0.028 for thyroid segmentation while processing each frame in
1.15 £ 0.05 s for the IVUS and in 1.23 £ 0.27 s for thyroid segmentation without the

need of any computing accelerators such as GPUs.
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B.1 Introduction

Ultrasound imaging has been employed for chinical use for half a century, and its salient
advantages including non-ionizing nature of radiation, real time imaging capability are
some of the factors which make it popular over other modalities like X-rays, computed
tomography (CT) or magnetic resonance (MRI). Some of the commonly practiced clini-
cal applications includes intravascular ultrasound (IVUS), thyroid, abdominal, cardiac,
breast imaging, bone sonometry, prostate, fetal, ophthalmic imaging [1]. Current ad-
vances in signal acquisition and tracking systems, enable volumetric ultrasound acqui-
sition using approaches such as 2D+t, 3D, and 3D+t [2]. The primary limitation in 2D
ultrasound due to its planar appearance of structures, may lead to unavoidable occlusion
of important 3D attributes characteristic of pathologies leading to inter-observer vari-
ability in reporting. Volumetric ultrasound can directly be acquired using a 3D imaging

probe or by using a tracking device integrated with a 2D probe.

Ultrasound imaging primarily relies on sensing of backscattered echoes to image an ob-
ject submerged within another medium that conceals it from direct external visibility [3].
A pulse of acoustic wave at a fixed frequency typically more than human audible range,
is transmitted from the transducer and travels through the tissue. During this process,
its energy is partially absorbed, attenuated and backscattered [4]. The backscattered
signal moves back to the transducer and contributes to the formation of the US signal.
Backscattering is contributed by changes of acoustic index while traversing across differ-
ent tissues. The received pulse is envelope detected and a log-compression for formation
of ultrasound signal in B-mode per scan-line that is subsequently stacked to form an

image and displayed on a monitor as a gray-scale image.

Ultrasound image segmentation is complicated and a challenging task due to the pres-

ence of certain characteristic artifacts viz. speckles, shadows, and signal dropout as well
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as due to the orientation based variability that affects signal acquisition [1]. In this
paper, primarily address the task of segmenting 3D US volume using frame-wise 2D
segmentation approach following an iterative convergence approach per-frame and an

transfer of belief on contour location for solving volumetric segmentation.

The brief prior art for both 2D and 3D segmentation in general and specifically for
IVUS and thyroid are presented in Sec. II. Sec. III presents the problem statement and
details the algorithm. The experiment description and results for both applications are
stated in Sec. IV. The discussion of various characteristics of our approach as validated

experimentally in Sec. V and finally we conclude our approach in Sec. VI.

B.2 Prior Art

In this section we present a comparison of prior art related to US image and volumetric
segmentation in general and also specifically look into thyroid and IVUS segmentation

problem.

B.2.1 Segmentation on 2D Ultrasound Images:

Approaches include genetic algorithm based optimization of active contour, maximum
likelihood based region segmentation, adaptive region growing based segmentation,
texture-based split-and-merge techniques, knowledge-based approach, watershed, and

learning based approaches [1].

IVUS:

Prior art predominantly make use of active surface segmentation, Hopfield neural net-

works, fast-marching method, implicit mode of active contour and with anisotropic
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contour closing or explicit form of active contour model using snakes, edge tracking and
gradient-based techniques, shape-driven method and optimal graph search that have
been summarized by Noble et al. [1]. Papadogiorgaki et al. [5] proposed a method
for intensity based segmentation of lumen and media-adventitia boundaries which use
radial basis function for refining initially recognized contours. Ciompi et al. [6] intro-
duced a multi-class classifier using pixel-wise and contextual features to segment lumen
from media. The final segmentation is achieved using the coarse definition of media
and adventitia tissues. Balocco et al. [7] had proposed a standardized framework for
evaluation of IVUS segmentation at the 2011 MICCAI workshop, where a total of eight
algorithms including four automatic and four semi-automatic ones were evaluated. In an
earlier work [8] we had proposed a graph theoretic random walk method for lumen wall
segmentation. Subsequently also on ultrasound backscattering physics based learning

model for segmentation of lumen and external elastic laminae were proposed in [9], [10].

The limitations in prior art is their primary dependence on shape of the edges and the
region information of contours which is weakly discriminable in speckle images. Also
most algorithms are device frequency specific and not generally semi-automated or fully
automated whether cumulatively they are challenged with inability to handle guide-wire

shadows and pitch shaft discontinuity arising due to helical scan.

Thyroid:

Keramidas et al. [11] had designed a neither for thyroid gland segmentation incor-
porating boundary detection along with local binary patterns based textures analysis.
Maroulis et al. [12], [13] developed algorithms based on level-sets and active contours
incorporating variable background modeling, active contours and joint echogenicity-
texture. These models primarily reduce the effect of intensity inhomogeneity. Feedfor-

ward neural network [14] have also been proposed for segmentation of thyroid region.
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Wunderling et al. had proposed approaches based on level set, graph cut, and fea-
ture classification for thyroid segmentation [15], and Narayan et al. [2] have introduced
a multiorgan segmentation for thyroid gland, carotid artery, muscles and the trachea

employing spatial location based search techniques.

The segmentation algorithms predominantly rely on using pattern of the region of in-
terest and its structure are challenged when quality of the image degrades. Moreover

they fail to work when small sized objects appear in frames.

B.2.2 Segmentation of structures in 3D Ultrasound Volumes:

Segmentation using 3D active surfaces operating on region-based external forces, neural
network based approaches for detection of boundary and elastic surface model fitting
are some of the popularly used approaches [1]. One common denominator is the pre-
dominance in use of speckle reduction filters like anisotropic diffusion to enable better
localization of the boundary around high-intensity gradient. Active models viz. de-
formable active surface, intensity gradient based active surfaces and structural models

have been used to segment lesions in breast tissue [1].

IVUS:

A semi-automated technique using discrete dynamic contour model and active surface
segmentation has been proposed in [16] to segment lumen and adventitial border across
a stack of IVUS frames in a pullback. In another approach [17], a fast active surface
method using neighborhood-search technique was used. Cardinal et al. [18] had de-
signed a 3D fast-marching method based on the gray level distribution modeled using
mixture of Rayleigh on the whole IVUS pullback. A graph-based approach had been

proposed for lumen and external elastic laminae segmentation [19] using gated IVUS
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image sequences. Mendizabal-Ruiz et al. [20] proposed an approach based on minimiza-
tion of a probabilistic cost function where the likelihoods were acquired from a support
vector machine. Zakeri et al. has proposed a four-fold method [21], where an initial
contour drawn from the classification in the sparse representation framework is used to

initialize on active surface model.

These methods are highly specific to the application in hand and cannot be extend
beyond IVUS for generalizable. Furthermore most of them are also US frequency specific

and required modifications to model parameter for extension to different frequencies.

Thyroid:

A semi-automated approach with the help of active geodesic contour had been proposed
in [22] to classify and analyze the thyroid. This framework had been used for volumetric
quantification, and the algorithm had been extended to segmenting other parenchyma-
tous organ as well. Chang et al. [23] had proposed a full solution to estimate the thyroid

volume, as well as classify the blocks within thyroid.

The primary challenge posted by these methods are image size and size of the organ as
visible on the image such that smaller sized contours predict high amount of false areas

and process is also susceptible to the imaging frequency.

The existing limitations of these US segmentation methods in respect of being entirely
application oriented, and highly dependent on the shape of the region of interest while
being fully focused on a particular frequency of which imaging on they are designed.
Furthermore they do not exploit the reduction in compute complexity which comes with
using the inter-frame dependency arises in a 3D US volume acquired. The motivation
of this paper is to address these limitations using a fully automated, robust and low

time complexity algorithm. Our contributions has two distinct characteristics. First,
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we employ the apriori information based on physics of the US imaging process using its
statistical mechanics to obtain a rough estimate of the tissues. Second, we exploit the
redundancy in compute arising due to the inter-frame dependency across adjacent 2D

frames constituting a 3D volume which we also term as belief propagation.

B.3 Mathematical Model for Continuous Ultrasound

Frame Segmentation

A basic observation on an ultrasonic acoustic pulse passing through tissues is that one
part of the signal energy is backscattered, while another part is attenuated, and the
remaining energy of the signal is absorbed by the tissues traverses through it. Imaging
relies on the use of these returned echo signals. The leading cause of backscattering is
the presence of scatterers in the tissue. Their nature varies with the tissue type and that
leads to variation in statistical behavior of the envelope of the detected ultrasonic echo
signal. The scatterers’ contribution to an echo can be treated as a random walk due
to its presence at arbitrary locations within the resolution limits of the backscattered
ultrasonic echo pulse. The primary challenge associated with segmenting structures in
ultrasonic images is the stochastic nature of speckles in images. Here we handle this
challenges by relying on the statistical nature of envelope of the received ultrasonic echo.
Here we employ (i) a machine learning based model to weakly predict the type of the
tissue based on parametric models of ultrasound echo in order to provide an initial seed
point to the iterative random walks solver, and subsequently (ii) calculate the gradient
vector flow between neighboring frames for belief-propagation based segmentation so-
lution across neighboring frames for volumetric analysis, and (iii) an iterative random
walks solver for computing the segmentation across the serial frames in an ultrasound

volume. The mathematical problem statement is defined as below.
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Let us consider an US frame I, where i(x) is the intensity at location x and k is the
number of unique contours split that I into k + 1 disjoint set as Iy, Ir,, ..., I1,,, such
that I, NIp, = ¢and VL # Ly, (k1 ko) € {1,2,...,k+1}* and I, UL, U.. .Ul = 1.
The image I can further also be represented as graph G where the nodes of the graph
can be represented as n € [ and the weights of edges connecting the nodes of graph G
are modeled based on the physics of the acoustic energy propagation and attenuation
within highly scattering biological tissues. The probability of each node n € G to
belong to the regions in {I,,Ir,,...Ir,,,} can be obtained using the random walks
approach for the image segmentation [24]. The class posterior probability at = € I is

the probability of the corresponding node n € GG. A pixel at location z is labeled as

y = argmax{p(Li|x, ), p(La|x,I),...p(Lgi1|z, I)}.

A set of seeds S); constitutes some of the marked nodes of graph G such that Sy, C
{(Smy € I,)U(Sm € Ir,)U...U(Sy € Ip,,,)} and (Sy € In,)) N (Sm € In,) NN
(Su € Ip,.,) = ¢ is defined for initialization of the random walker. An ultrasonic
pulse backscattering physics based model is used to provide these initial seeds. Thus
on solution, a class specific posterior probability is assigned to the unmarked nodes
S. = G — Sy of the graph to obtain the segmented anatomical structure such that
G C {SyUS,} and SyyNS, = ¢. The detail information flow of our proposed algorithm
is presented in Fig. B.1. Subsequently, we discuss the various stages of the algorithm

and their significance to the solution.

B.3.1 Statistical Mechanics of Ultrasound Backscattering

Let us consider the value of the signal received at a specific location as r and let the
tissue type be w, then the conditional likelihood p(r|w) can be written as a function of

the following tissue specific effects on ultrasonic signals: 1. likelihood of the received
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Fig. B.1: Segmentation framework of the proposed approach for ultrasound (US) vol-
ume. The US dataset has m number of volumes (V3, V5, ..., V,,) where m — 1 number
of volume has been used for Randm Forest (RF) training of initial segmentation and
one volume is used for testing where the testing volume is consecutive of n number of
individual frames i.e. I', 12, ..., ["V/271 [%/2 [V/2+1 [". Iterative random walks (IRW)
is used for final segmentation in each different stages. Gradient vector flow (GVF) for
each frame has been calculated from previous two frames. Finally the segmented volume
of the US is visualized in volumetric visualization block.

ultrasonic signal: fi(r; ¢1|w); 2. reliability of the received ultrasonic signal: fo(r; ¢o|w)
where ¢; and ¢9 are the set of parameters defining f1(.) and fs(.) respectively which are
dependent on the tissue specific properties. The likelihood p(r;...|w) can be parametri-

cally represented taking into consideration these factors such that

P o) o { i i) falrs le)} &

backscattering stats.  confidence

The received US signal r is Nakagami distributed [25] such that p(r|w) oc N(r|m, Q)

[4],[10]. Since in a B-mode image, the image intensity i is a log-compressed version of
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the signal r, the intensity ¢ € I is accordingly Fisher-Tippett distributed [4],[10] such

that p(i|lw) o< F(i|o) and
F(ilo) o< exp ([2i — In (20%)] — exp [2i — In (207)]) (2)

where ¢ is the standard deviation of the intensity.

The parameters of ¢ and o are estimated through a nonlinear multiscale estimation.
According to our proposition [26], these parameters are estimated at different scales
T = (Tiranss Tawial) Where Ty.qns represents the span along the number of neighboring scan

lines and 7,.;4 is the number of samples along each scan line.

The factor of reliability of an ultrasonic signal measured in terms of confidence in f5(.) is
estimated using the method of random walks [10],[27]. The confidence of the ultrasonic
signal is estimated as the probability of a random walker starting at a node of the graph
equivalent of the US image located on the scan-line to reach the origin of each scan
line where the virtual transducer element is placed akin to the physical location of the

sensor element on the transducer. Thus the signal confidence is represented as

p(rs. .. |w) oc fa(r; dolw) (3)

where ws(.) is the ultrasonic signal confidence associated with the received echo r that
was backscattered by a tissue type w. This set of ultrasonic backscattering modeling
statistical features enable on to learn a Random forest classifier [28] to classify different

tissue layer from the US images.
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B.3.2 Transfer Learning of Ultrasound Backscattering Statis-

tics

A non-parametric machine learning framework using random forest [4] has been em-
ployed for the purpose of learning apriori information on speckles to seed. The parame-
ters of fi(r;..w) and fo(r;...w) obtained earlier (Sec. B.3.1) constitutes the feature space
to be modeled for prediction of the tissue-specific posterior probability. The prediction

model of a random forest can be represented as

p(w|©;r) = H(w|O;7) (4)

where H(w|O;r) is the learnt RF model that is formally defined as a classifier consisting
of a collection of tree-structured decsion makers {h(w|©,¢.),z = 1,...}, where ¢, are
independent and identically distributed random vectors representing sample features,
{¢.} C O and each tree h(w|©, ¢,) casts a unit vote for the most popular class w at
input © [28]. During prediction, the vote casted by the forest is the class specific mean
response of each of the trees such that p(w|©;i) = E[h(..., ¢.)]. The initial segmentation
done using this random forest model is used to initialize seeds for each tissue type

w € {Ly, Ly, ..., L1}

B.3.3 Belief Propagation Across Neighboring Frames Using

Gradient Vector Flow

Let us consider that a US volume consists of n number of frames organized as an or-
dered set {1, 12, ..., ["/2=1 [*/2 /241 ["}. The process starts with segmenting the
{In/2=1 /2 ["/2+1) frames in the volume using the method in Sec. B.3.2. The seg-

ments are used to initialize the seeds for the random walks based fine segmentation
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detailed subsequently in Sec.3.4. Those three segmented frames are then used to fur-
ther train a volume specific design random forest model presented in Sec. B.3.2. This
volume specific learnt model helps to precisely predict the posterior probability of the
contours and the background tissue in the current volume taking into account and learn-
ing patient specificity of ultrasonic tissue interaction with the contour in {I™/2, ["/2+1},
GVF is employed to estimate the contour in I™/?*2 and this serves to initialize seeds
for segmentation of the I"/?*? frame using IRW presented in Sec. B.3.4. This process
repeats the other way to predict contour on I™/2~2 using GVF over {1271 "2}, The
final segmentation is done using interaction of the segmentation results obtained from
the learnt model and the GVF for every frame process continues till it reaches the end
frames on the volume. Since seed initialization with the RF on individual frames is not
required, computation time is considerably reduced, and the method serves to accurately

segment accounting for tissue specific variations on an auto-updating mechanism.

Table B.1: Performance Measure with the IVUS and Thyroid Dataset in the 3D Context.
Dataset SE SP DSC PAD
Phantom 0.992 4+ 0.003 0.956 + 0.031 0.950 + 0.040 0.001 + 0.001
IVUS  0.990 + 0.003 0.944 + 0.049 0.961 4+ 0.023 0.002 4+ 0.001
Thyroid 0.989 + 0.006 0.938 4+ 0.051 0.889 £+ 0.043 0.002 £ 0.001

B.3.4 Solution to Iterative Random Walks for Final Segmen-

tation

A predominant observation with RW is its mild variation in segmentation due to updates
on seeds , and we follow this to a convergence using IRW. We iteratively employ random
walk solver [24]. Here, we denote the probability of a random walker starting at a node
v, to reach a seeded point belonging to tissue type w € {L1, Lo, ..., Ly1} as @ such
that ) oy = 1.
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Fig. B.2: Tllustration of the seed selection from foreground and background for solviing
IRW. (a) Initial contour (green) with the seeds for background region (yellow) and fore-
ground region (red). (b) Foreground (red) and background (yellow) region has been se-
lected by a morphological regularization operation on the initial estimated region(green).
(c) Neighborhood around the foreground (red dots) and background (yellow dots) that
are selected as seeds for different regions.

Therefore, for label w, the solution probabilities of a random walker could be generated

at a node ¢ € G where the GG is the graphical representation of the image [ and has

been solved accordingly [24].

p(Lle, )= V{qeGorel}, Z=12,.,k+1 (5)

The initialization of the contour for random walks is obtained from the intersection
between the prediction of the RF and GVF. The foreground and background seeds in
the image were designed using morphological operation on the initial contour. First
erosion operation is performed and the resultant region is used for foreground seeding
while the inverse of that dilated region is used for background seeding. The structuring
element in these morphological operations is chosen depending on the size of the initial
contour and typically sized at 30% of the radius of the initial estimated region of the
structure. This morphology based regularization is illustrated in Fig. 2. In case of

iterative random walks (IRW), the solution of the current step acts as the initial contour
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for the subsequent step until convergence is reached. This iterative process converges
when the change in the posterior probability obtained in the current stage is smaller
than a pre-defined tolerance (4). The stepwise method for Iterative Random Walks is

shown in Algorithm 1.

Input: Complete layer specific set of marked seeds
Sum € {Swm1, Sm2, ..., Smr} with & number
of layers and all the unmarked seeds Sy where
present contour Gp = Sy U Sy

Input: Stopping criteria ¢

Output: Optimal marking the unmarked seeds (Gp)

for i < 1 to n do

Compute layer specific prior probability p(Lz|z, I)

from (5);

Generate new contour Gus;

Count change of pixel Cp = count(Gp — Gnr):

if Cp > 0 then

Gp =GN
Reinitialize Sy, and Si;;
else
| Return Gp;
end

end
Algorithm 1: Iterative random walks (IRW) algorithm
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Table B.2: Performance Evaluation Metrics of Results Obtained with Dataset and Comparison with rior Art. EEL Denotes
external elastic luminae.

10T

Methods JCC HD PAD DC
Lumen EEL Lumen EEL Lumen EEL Lumen EEL
P1[7] 0.81 + 0.12 0.76 + 0.13 0.47 4+ 0.39 0.64 4+ 0.48 0.14 + 0.13 0.21 4+ 0.16 - -
P2[7] 0.83 + 0.08 - 0.51 4+ 0.0.25 - 0.14 + 0.12 - — —
P3[7] 0.88 + 0.05 0.91 £+ 0.04 0.34 + 0.14 0.31 4+ 0.12 0.06 £+ 0.05 0.05 £ 0.04 - -
P4([7] 0.77 + 0.09 0.74 £ 0.17 0.47 4+ 0.22 0.76 4+ 0.48 0.15 4+ 0.12 0.23 £+ 0.19 - -
P5[7] 0.79 + 0.08 - 0.46 £+ 0.30 - 0.16 £+ 0.09 - - -
P6([7] - 0.84 + 0.10 - 0.57 £+ 0.39 - 0.12 + 0.12 - -
P7[7] 0.84 + 0.08 - 0.38 4+ 0.26 - 0.11 +£ 0.12 - - -
P8|[7] 0.81 £+ 0.09 0.79 £ 0.11 0.42 4+ 0.22 0.60 £ 0.28 0.11 + 0.11 0.19 £+ 0.19 - -
Intraobs|7] 0.88 4+ 0.05 0.92 + 0.03 0.28 4+ 0.13 0.24 4+ 0.12 0.11 £+ 0.08 0.06 £+ 0.04 - -
Interobs|7] 0.93 + 0.05 0.95 + 0.03 0.17 £ 0.13 0.14 £ 0.10 0.04 £+ 0.06 0.03 + 0.03 - -
0.876 0.903
Intermediate 0.911 + 0.045 0.917 4+ 0.049 0.239 £ 0.134 0.227 + 0.116 0.092 4+ 0.084 0.059 £+ 0.050 =+ 0.051 =+ 0.073
0.909 0.0922

Proposed

0.927 £ 0.017 0.947 £ 0.027 0.168 £ 0.081 0.173 £ 0.114 0.002 &£ 0.001 0.002 £ 0.001

£+ 0.025 =£ 0.035




B.4 Experiments and Results

The segmentation results at different stages of the algorithm is illustrated in Fig. B.1
for an example of thyroid segmentation. The first step in our work is to segment the
three middle frames of the volume. We have employed RF and IRW to solve this
problem. A RF model is learned (Sec. B.3.2) by training over a feature set (Sec.
B.3.1) over 500 random samples, selected for each class in the training images and
has been tested on these three middle frame in the test volume, which acts as initial
segmentation of the layers for IRW (Sec. B.3.4). In the next step, a volume specific
RF model is designed using the information in these three segmented frames. The
model predicts the layers in the other frames of the particular volume. Subsequently
a frame specific GVF is obtain for a frame using the previous two neighboring frames
(Sec. B.3.3). Finally, we have taken the intersection of the two results from both RF
and GVF model, which has acts as initial seeds for segmentation using IRW on a given
frame. The algorithm has been experimentally evaluated on kidney segmentation using
a multi-modal abdominal phantom (CIRS abdomen phantom), where four 3D US were
acquired using a tomographic ultrasound device (Piur Imaging, Germany). The results
of the segmentation are shown in Table B.1 together with the ground truth results are
visually illustrated in Fig. B.3. Beyond the phantom based validation we also employ

it for IVUS and thyroid segmentation using real patient data.

B.4.1 Intravascular Ultrasound Segmentation
Data Description:

The IVUS data used in this experiment is from the Lumen + External Elastic Laminae

border detection of the IBUS Challenge dataset [7]. It consists 10 pullbacks each from
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Table B.3: Hyper-parameters for both the experiments.

Hyper-parameters IVUS Thyroid Explanation
nClasses 3 2 Number of classes
It affects the likelihood of
Q@ 2 2 vertical random walks
It effects on the robustness and
I6; 1250 5500 accuracy of the segmentation
It penalizes horizontal and diagonal
0/ 0.05 0.05 random walks in the graph
nTrees 50 50 Number of trees
D 17 17 Number of features
manLeaf 50 50 Number of leafs for each trees
treeDepth o0 00 Level of the tree
splitOby GDI GDI Gini’s diversity index

a different patient acquired at 20 MHz. The data acquisition technique is detailed in
[7]. All the frames are provided in DICOM format as grayscale images. The manually
labeled ground truth of the lumen and external elastic laminae are also provided with

this set of data. Each frame has a size of 384 x 384 pixels.

Experiments and Results:

At the time of random forest learning (Sec. B.3.2), a D (number of features) dimensional
ordered vector © representing multiscale estimated Fisher-Tippett statistics parameter
and ultrasonic signal confidence is computed and represented as {(©;r)Vr € G}, where
G is the IVUS image represented in polar domain. In this experiment, we have the tissue
specific labels y € V) with Y = {lumen, media, externa} corresponding to the ultra-
sound echo measurements at grid points r € G. Statistics of backscattered ultrasonic
B-mode signals parameters are estimated at scales {(3x3),(5x3),(7x3), ...,(30x3)} and
this range of values are choosen according to [4]. This code is implemented on Python.

The random forest classifier is learnt using hyper-parameter detailed in Table B.3. This

103



Table B.4: Quantitative Analysis with the Thyroid Dataset and Comparison with Pre-
vious Approaches.

Methods SE SpP DSC PPV JCC HD PAD

0.955 0.889 0.839 0.806
Narayan|2] + 0.024 £ 0.065 =+ 0.047 = 0.086 - - -

0.564 0.926 0.479 0.326
JCR]2] £+ 0.070 £ 0.070 £ 0.066 = 0.057 - - -

0.874 0.560 0.512 0.531
Chang[23] + 0.117 £0.324 £ 0.288 £ 0.347 - - -

0.473 0.864 0.400 0.265
Garg|[14] +0.182 £0.224 £0.143 =£0.111 - - -

0.937 0.892 0.828 0.795 0.889 0.538 0.011
Intermediate =+ 0.028 =+ 0.068 =+ 0.079 =£ 0.157 =£ 0.054 =£ 0.488 =+ 0.015

0.989 0.923 0.854 0.807 0.908 0.488 0.002
Proposed £+ 0.006 =£0.059 =£0.066 =£0.110 =£0.028 =+ 0430 = 0.001

Table B.5: Performance Measure with the Thyroid Dataset and Comparison with Pre-
vious Approach in terms of PRI, GCE, VOI and BE.

Methods PRI GCE VOI BE
Narayan[2] 0.844 + 0.037 0.192 £+ 0.044 1.169 £ 0.206 12.221 + 2.788

Proposed 0.972 pm 0.011 0.024 £ 0.009 0.172 pm 0.054  6.660 + 1.962

trained model is finally tested on pre-selected test images (not used during training).
This experiment is performed using a 10-fold cross-validation technique. The data was
taken from 10 patient cumulatively yielding 2; 175 images used in this experiment and
at each fold data from 9 patients were used for training and the remaining patient data
was used for testing. Evaluation for segmentation of IVUS is performed using three
measures (i) Jaccard index (JCC), (ii) Percentage of Area Difference (PAD) measure,
and (iii) Hausdorff Distance (HD) following the approach presented in [7]. We compare

our method with eight prior art i.e. shape-driven segmentation method [7](P1), geodesic
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active contour [7](P2), fastmarching method based on gray level distributions [7](P3),
graph search method [7](P4), multi-scale stacked sequential learning [7](P5), holistic
approach [7](P6), support vector machine with a radial basis function kernel [7](P7),
and angiocare [7](P8) respectively which has been reported by Balocco et. al. [7]. The

results are quantitatively detailed in Table B.2.

B.4.2 Thyroid Segmentation
Data Description:

A total of sixteen healthy human subjects were imaged using a Logiq E9 US device
(General Electric, USA) with a 11-16 MHz probe and equipped with an electromagnetic
(EM) tracking system to form the free hand US volume dataset. All the volume are

provided in DICOM format as RGB images. The datasets are available online [15].

Experimental Implementation and Results:

The experimental setup for thyroid segmentation is similar to IVUS as presented earlier.
We have used tissue-specific labels y € Y and Y = {thyroid, background} corresponding
to the ultrasound echo measurements. The ultrasonic signal confidence is estimated
using the parameters shown in Table III. The RF parameters (Table B.3) are similar to
as used for earlier use case of IVUS pullback segmentation (Sec. B.4.1). This experiment
is performed using a 10-fold cross-validation technique. The data was obtained from 16
patients for this experiment and at each fold 14-15 volumes were used for training and

the remaining volumes were used for testing.

The segmentation performance of our algorithm applied to thyroid US has been eval-

uated in two different ways following the approach in [2]. The proposed algorithm is
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qualitatively assessed using (i) Probabilistic rand index (PRI), (ii) Global consistency
error (GCE), (iii) Variation of information (VOI) and (iv) Boundary distance error (BE).
Also measures quantitatively based on the overlapping area are used, i.e. (i) Sensitivity
(SE), (ii) Specificity (SP), (iii) Dice coefficient (DSC) and (iv) Positive predictive value
(PPV). We have compared our approach with four different algorithms i.e. echogenicity-
based quantization [2], joint classification-regression [2], RBF neural network [23], and
feedforward neural network [14] which has been reported by Narayan et. al. [2], (Table
B.4). The only limitation trying to compare commonality is that the dataset has used

for this comparison is not same as the dataset used in prior art [2].

(a) (d)

Fig. B.3: Contour segmentation for kidney phantom where (a) and (b) are two frames
from different volumes, (c) is 3D visualization of the segmented phantom kedney and
(d) is the ground truth volume of the same. GREEN - ground truth data and RED -
result of our proposed method.

B.5 Discussion

B.5.1 Initializing seeds of Random Walks through Learning of

Statistical Mechanics of Ultrasound

A key feature of this algorithm is its ability to predict the tissue layers in US images by

learning of parametric model of speckle statistics. This prediction facilitates a reasonable
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Fig. B.4: (a), (b), (c) and (d) are four segmented lumen contour and (e), (f), (g) and
(h) are four segmented external elastic luminae (EEL) contour from four different IVUS
pullback. Here GREEN - ground truth data and RED - result of our proposed method.

Fig. B.5: Contour segmentation for thyroid where (a), (b), (¢) and (d) are four frames
from four different volumes. GREEN - ground truth data and RED - result of our
proposed method.

initial estimate for RW seed initialization. The RF model is trained using 500 samples
from each tissue type per image. Except for a few limitations like guidewire artifact,
necrotic core, muscles, trachea, and carotid, this algorithm yields perfect accurate results
for segmenting the lumen, external elastic laminae as well as the thyroid. While the

RF-based contour initialization on each frame acts as a good starting point, it has

limitations in not being able to correctly steer the contour across neighboring frames in
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(b)

Fig. B.6: Contour segmentation in presence of artifacts for IVUS in (a) and thyroid in
(b) where GREEN - ground truth of the contour, RED - result after applying only RF
and YELLOW - result after applying IRW on the result of RF.

Intersection
Operation

NbE

Previous Frame

Fig. B.7: The graphical framework for the minimization of leaking and drifting from
the RF model and GVF respectively.

the presence of necrotic core as is evident in the red contour on Fig. B.6 (a) and trachea
as is evident in the red contour on the Fig. B.6 (b). To overcome this limitation, IRW

has been employed iteratively in our formulation termed IRW as can be seen in the
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(a) (b)

(©) (d)

Fig. B.8: (a) and (b) are the media volume of IVUS where (a) is the ground truth and
(b) is the segmented media volume. (c) and (d) are the thyroid volume where (c) is the
ground truth and (d) is the segmented thyroid volume.

yellow contour in Fig. B.6.

B.5.2 Iterative Random Walker for Correcting Contour in Pres-

ence of Initialization Error

Due to the false prediction in the presence of the different artifacts, we have employed a
subsequent refining stage using the RW for final segmentation using the seeds initialized
by the RF model. In this experiment, 0.1% change of the contour is set as the conver-
gence criteria for IRW. Fig. B.6 illustrates that IRW is well suited to correct the final
contour. In Table II, the method Intermediate shows performance of the RF initialized
IRW based segmentation obtained using method described in Sec. B.3.2 and Sec. B.3.4,
which is comparably better than prior art [7] and the segmented contours are visually

illustrated marked in yellow contours in Fig. B.6.

This approach while improving on the results, has the drawback when applied to a whole

pullback for segmentation. When the seeds initialized for the contour are erroneous, the
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computation time increases. This problem is accentuated for small size contour, i.e., it
is difficult for the RF model to predict small area accurately, which sometimes leads to
inaccurate segmentation results. In order to overcome this problem, we have suggested
the use of belief propagation across neighboring frames as a possible solution, and its

benefits are discussed subsequently.

B.5.3 Belief Propagation for Cross Frame Segmentation

The solution of the problem for segmentation on the whole volume using a frame wise
approach has been discussed in Sec. V-B. We have employed belief propagation, where
the predicted contour in the current frame is propagated to the next frame as an initial
estimate of the contour, and then an IRW initialized with these seeds corrects the
initial contour. The drawback of this method is that the error if accrued intermediate
is propagated till the last frame. This helps in putting the belief propagation of the
previous result with in a bound. In this method, we again employ another RF model,
which is learnt to be the volume specific using the set of three segmented middle frames.
This RF model predicts roughly the tissue presence for a frame, and for the same frame,
the initial contour comes from the results of the previous frames as well. The intersection
between these two contours is then used for the initial contour for IRW. If the RF model
is predicted wrongly, the propagated results can also be used to correct the contour and
vice versa. To get more accurate belief propagated contour, we introduce a gradient
vector flow (GVF) over contour drifts across neighboring frames instead of conveying
the exact result from the neighboring frame. The GVF is calculated using the last two
frames cumulative neighbors (Sec. B.3.3). The propagation error has decreased through
this combined method. The graphical framework for the minimization of leaking has
been illustrated in Fig. B.7. Finally, all the segmented frames have been stacked into a

volume and evaluated in comparison with the ground truth volume shown in Table B.1
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and visualized using MeVisLab, as shown in Fig. B.8.

In this experiment we have obtained an average JCC value of 0.927 +0.017 and 0.947 +
0.027, HD of 0.168 £0.081 and 0.17340.114 and PAD value of 0.0024+0.001 and 0.002+
0.001 for the segmentation of lumen and external elastic luminae boarder respectively in
IVUS. Table B.2 shows the performance of our method obtained from Sec. B.3.3, which
are better than as reported in the prior art [7]. Fig. B.4 (a) - Fig. B.4 (d) and Fig. B.4
(e) - Fig. B.4 (h) present the visualization of the segmented contours from lumen and
external elastic luminae from four different IVUS pullbacks. The visual representation
of the segmented media for whole pullback is shown in Fig. B.8 (b), which is visibly

similar to the ground truth Fig. B.8 (a).

In the experiment of thyroid contour segmentation, the performance of the proposed
method has been evaluated in two different ways. In Table B.4 and Table B.5, quan-
titative and qualitative results are summarized for our algorithm in comparison with
approaches presented in prior art. In both cases it is clear that our approach outperforms
the other compared algorithms [2]. Fig. B.5 (a) - Fig. B.5 (d) presents the visualization
of segmented thyroid contours from four different thyroid volume and volumetric visual
representation of thyroid has shown in Fig. B.8 (d) which is similar to the ground truth

volume in Fig. B.4 (c) for thyroid segmentation.

B.5.4 Execution Time

The algorithm was implemented in Python 2:7 and executed on a PC with Intel Core
i5 CPU operating at 3.20 GHz, 24.0 GB of RAM, and Ubuntu 14.04 LTS operating
system. Per frame processing time was under 1.15 + 0.05s and 1.23 + 0.27s respectively
for IVUS and thyroid segmentation respectively, without the need of deployment on any

computing accelators like GPUs. In order to process an IVUS volume of 384 x 384 x
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100 it takes around 115s and a thyroid US volume of size 372 x 252 x 100 it takes about

123s.

B.6 Conclusion

The approach to layer characterization and subsequent boundary detection using the ul-
trasonic backscattered signals operating on the freehand ultrasound images is a crucial
task. In this paper, we have presented a computationally efficient and robust algo-
rithm to automatically segment anatomical structures and without need for any user-
interaction for initializing contours in US image sequences. The algorithm addresses the
problem of freehand US volume segmentation using the formulation of a machine learn-
ing based model with the help of mathematical models of US backscattering statistical
mechanics. Further to this with use of belief propagation across neighboring frames of
the volume. The method shows high accuracy while consuming less time and yielding
robust contours. Those abilities are in fact a significant advantage over existing tissue
classifiers that are not adaptive to patient level variations. The proposed method can
directly be leveraged to facilitate online learning or relearning on new cases for improved
performance of segmentation without any manual interaction for seeding. The algorithm
also demonstrates (1) reliable US layer segmentation from different tissue present in the
frame and independent of US application, (2) interframe contour segmentation consis-
tency in the volume, (3) independence to the size and shape of anatomical structure for
detection of the contour, (4) ability to segment in the presence of various artifacts in
the frame and (5) accurate prediction using a dominant learning model (RF) and less
time complexity of per frame processing. These attributes make the method unique and

better performing in comparison with stateof-art of US image and volume segmentation.
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Abstract

Texture analysis is an important topic in Ultrasound (US) image analysis for structure seg-
mentation and tissue classification. In this work a novel approach for US image texture
feature extraction is presented. It is mainly based on parametrical modelling of a signal
version of the US image in order to process it as data resulting from a dynamical process.
Because of the predictive characteristics of such a model representation, good estima-
tions of texture features can be obtained with less data than generally used methods
require, allowing higher robustness to low Signal-to-Noise ratio and a more localized US
image analysis. The usability of the proposed approach was demonstrated by extracting
texture features for segmenting the thyroid in US images. The obtained results showed
that features comresponding to energy ratios between different modelled texture frequency
bands allowed to clearly distinguish between thyroid and non-thyroid texture. A simple k-
means clustering algorithm has been used for separating US image patches as belonging
to thyroid or not. Segmentation of thyroid was performed in two different datasets obtain-
ing Dice coefficients over 85%.
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Abstract

Texture analysis is an important topic in Ultrasound (US) image analysis for structure
segmentation and tissue classification. In this work a novel approach for US image tex-
ture feature extraction is presented. It is mainly based on parametrical modelling of a
signal version of the US image in order to process it as data resulting from a dynam-
ical process. Because of the predictive characteristics of such a model representation,
good estimations of texture features can be obtained with less data than generally used
methods require, allowing higher robustness to low Signal-to-Noise ratio and a more
localized US image analysis. The usability of the proposed approach was demonstrated
by extracting texture features for segmenting the thyroid in US images. The obtained
results showed that features corresponding to energy ratios between different modelled
texture frequency bands allowed to clearly distinguish between thyroid and non-thyroid
texture. A simple k-means clustering algorithm has been used for separating US image
patches as belonging to thyroid or not. Segmentation of thyroid was performed in two

different datasets obtaining Dice coefficients over 85%.

C.1 Introduction

Texture analysis is the term used for methods developed to quantify image texture
through description of image properties by textural features. In general, these features
aim to measure smoothness, coarseness, and regularity of pixels, which form an image
[1, 2]. Feature extraction methods are usually followed by classification or clustering
and can be applied for image segmentation, image characterization, and for estimation

of image similarity metrics [3].

Generally used approaches for computing texture features are based on statistical and

frequency domain techniques. Statistical approaches compute histograms, entropy, ho-

118



mogeneity, mean and variance values for estimating features from the texture. Frequency
domain techniques or spectral techniques collect a distribution of filter responses to ex-
tract different aspects from the texture [1]. Gabor filters and Wavelet decomposition

are examples of this type of approach.

The main drawback of these approaches is that they are mainly data-driven, meaning
that the computation of texture characteristics is performed directly from the pixel
values. With that the estimation of texture characteristics is limited by the amount of

data and the Signal to Noise Ratio (SNR) of the image.

In medical imaging, texture describes internal structures of human tissues or organs
or pathological changes. Different modalities such as Magnetic Resonance, Computer
Tomography and Ultrasound (US) require texture analysis and characterization for ap-
plications such as segmentation, registration ans lesion classification [3]. From all these
modalities, US is known to be the most challenging because of the presence of char-
acteristic artifacts such as speckles and shadows as well as due to the low SNR and

resolution.

In this work, a novel approach for image texture feature extraction in US images is
presented mainly based on parametrical modelling. The main idea behind this approach
is to analyze the texture as data resulting from a dynamical process and to estimate
the different dynamics involved in the texture in order to use mathematical operations
between these dynamics as possible texture features. For that a signal version of the
image is first computed, where the independent variable is the space, then the signal is
decomposed in different frequency bands using Wavelet Transformation and finally an
Autoregressive (AR) parametrical model of the decomposed signals provides spectral

characteristics used for features computation.

The main advantage of this approach is that good estimations of texture characteristics
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can be obtained with less data due to the predictive characteristics of the model repre-
sentation. Moreover, using an appropriate model order noise can be optimally handled
and a better estimation of the dynamical properties of the texture can be obtained, even

under really complex SNR characteristics as usually seen in US data.

The usability of the proposed approach was demonstrated with US data for segmenting
thyroid texture. The obtained results showed that features corresponding to energy
ratios between different modelled texture frequency bands allow to clearly distinguish

between thyroid and non-thyroid texture regions.

The thyroid is one of the largest endocrine glands in the human body and it is involved in
several significant body mechanisms. Diseases of the thyroid gland are among the most
frequent endocrine disorders and changes of the thyroid volume are often the symptom
of these common pathological conditions. For this reason, it is essential to track and
monitor changes on thyroid volume over time and segmentation of the thyroid is one of

the main steps for this purpose.

Many approaches have been presented in the literature for extracting features in US thy-
roid image analysis, mainly for thyroid segmentation and nodule characterization and
classification. Recent surveys demonstrate that these two topics for thyroid analysis are
highly active research fields [4-7]. Following this trend, many new methods have been
proposed in the last years. Concerning thyroid segmentation in [8] three semi-automatic
algorithms based on general segmentation approaches such as active contours, graph cut
and pixel based classifier were evaluated and compared with two machine learning ap-
proaches based on Convolutional Neural Networks and Random Forest (RF). In [9] the
segmentation of the thyroid is made by taking into account apriori information based on
the physics of the US imaging process and by applying Iterative Random Walks and RF
based techniques. Furthermore, several type of features have been proposed for tissue

characterization in order to classify nodules or lesions in thyroid US images. Among
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the most used features are statistical features [10-12], Spectral-based features [13, 14],
higher order statistics based features [15, 16|, Wavelet-based features [2, 17, 18] and
Fractal-based features [13, 19]. Additionally other works have proposed machine learn-

ing algorithms [20, 21] and neutrosophic clustering for thyroid tissue characterization.

As in the general literature for US feature extraction, the main drawback in thyroid US
feature computation is that most of the proposed approaches are data driven operating
directly from the pixel values of the image. We propose a completely different approach
where the preprocessing or image aspects decomposition is made over a signal and not
an image and where the features are computed not from the pixels values but from
a parametrical model of each estimated image aspect. We believe that the predictive
characteristics of such parametrical approach will be able to better deal with the low
SNR of thyroid US images and will also allow to obtain better estimation of features

with lower quantity of data than direct pixel feature computation.

The main purpose of this paper is not to propose a new thyroid segmentation algorithm
but to show how features computed with a completely novel approach can be valuable
for US texture characterization. However, to assess the performance of the proposed
approach the algorithm was evaluated using two thyroid datasets obtaining Dice coeffi-
cients higher than 85% in both databases. Additionally, the results were compared with

the ones obtained by other approaches proposed in the literature.

C.2 Methods

As mentioned above, one of the major issues with US imaging is the quality of the data,
which particularly affects segmentation applications or texture characterization that are
strongly influenced by the relatively low quality of clinical US images, causing that tissue

echogenic characteristics and boundaries are often drowned in noise. Decomposition
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and parametrization of each characteristic aspect of the data could reduce the noise and
enhance the valuable information. These aspects could correspond to different type of

noises or artifacts or to different levels of irregularity or granularity in the US image.

The core idea presented in this paper is to treat an US image as texture that can
be represented as data resulting from a dynamical process, which depends on space
as an independent variable and whose dynamical patterns can then characterize such
a texture. These dynamics can be modelled using a parametrical approach and the
estimated parameters can be taken as a mathematical representation of the texture
that are used to compute valuable features that characterize the US texture at a given

location.

Fig. C.1 illustrates the basic idea. A thyroid ultrasound image is shown and a sub-image
or patch (red box) is selected in such a way that it contains thyroid (Texture 1 in the
figure) and non-thyroid textures (Texture 2 in the figure). The boundary between the
two textures (thyroid and non-thyroid) is not evident but in the mesh representation of
the sub-image on the top right of Fig. C.1 it is possible to visualize the different texture
characteristics of the two tissue types. If we extract a line profile passing through both
textures (red dashed line in the US image) then it is possible to verify that the texture
signals (inside the dashed rectangle over the line profile plot) involve different frequency
components or more general, different signal dynamics that are characteristics of each

texture.

The idea is now to model these texture dynamics using a parametrical approach to
perform features computation not by operating the matrix data itself, but by operating
the parameters of the modelled texture that represent the information that the image
contains in terms of dynamical distribution. By using an optimal model order such an
approach can be highly robust to the typical speckle noise of US images as well as to low

trend intensity inhomogeneity. Additionally, because of the predictive characteristics of
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Fig. C.1: Illustration of the main principle behind the proposed US texture characteri-
zation approach.
such a model representation, good estimations of characteristics of a texture can be

obtained with less data than with standard methods.

The block diagram of Fig. C.2 displays the main steps for feature computation of a US
image patch in order to characterize its texture. First, the image patch gray-level ma-
trix is converted into four texture signals using two different image to signal conversion
procedures. Then, each of the texture signals is decomposed in four signal bands us-
ing Continuous Wavelet Transformation (CWT). The 16 resulting narrow-band texture
signals are then modelled using an Autoregressive (AR) parametrical model to finally
compute features from ratios between different energy bands of the decomposed signals.

In the following, each step of the algorithm will be detailed.

CWT-based AR modelling

us Image to signal
. & : 5 bands (parameters
image conversion RSAOILE) texture i

. decomposition
signals signals

Feature 30
extraction [EEIIS

Fig. C.2: Main steps of the general concept of the signal processing algorithm for texture
modelling and feature extraction in US images.
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C.2.1 Image to Signal Conversion

In order to track dynamical texture characteristics of an US image resulting from a
dynamical process, the matrix data is first converted into a signal. For that we use
ZigZag (following the rows direction) and spiral conversion of the US matrix image and
of their 90 degrees rotation matrix versions (see Fig. C.3). The output of this first
step results in four texture signals, one per each conversion (ZigZag, spiral and their 90

degrees conversions).

f i 3]\l [IE

Fig. C.3: Conversion of a matrix by traversing the matrix and its transposed in ZigZag
and in spiral.

C.2.2 Continuous wavelet texture frequency band decomposi-

tion

The second step decomposes each one of the four texture signals in several frequency
bands, each containing one different aspect of the texture. We assume that an image
texture is composed of several dynamics representing irregularity characteristics of the
texture such as smoothness or roughness. Therefore the signals can be decomposed into
several dynamics that can represent levels of irregularities presented in the image/tex-
ture. Each signal is separated in different frequency components or scales and we then
reconstruct several narrow band signals that should contain information of different

levels of texture irregularity.
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Since the four signals resulting from the image to signal conversion step can contain
components that are not necessarily oscillatory, they are decomposed using scale de-
composition instead of frequency Fourier- based decomposition. For that the CWT was
applied to decompose the signal in different scales and then reconstructing new signals
using scales equivalent to three frequency bands representing low, middle and high fre-
quency components (LF, MF and HF) using a Daubechies mother wavelet. Additionally
a fourth frequency band called Total Band (TB) was computed using the full frequency
band of the signals but erasing the Very Low Frequency components Wavelet scales,

which correspond to low trend image intensity inhomogeneity.

In summary this step results in 16 texture narrowband signals, four per texture sig-
nal. They are denoted in the sequel as y”[n], where n represent the discrete index
(independent variable), i = 1,2, 3,4 denotes the signal conversion type (1, 2 for ZigZag
and its rotated version, 3, 4 for spiral and its rotated version) and B denotes the type

narrowband signal LF, MF, HF or TB.

Fig. C.4 shows an example of CWT decomposition of three texture signals (ZigZag non
rotated conversion versions) at different positions in the US image denoted Iyyg1, 1US2
and IUS3 in the figure. Two patches, I;ys; and Iyg9, were taken from inside the thyroid
and the patch Iyg3 was taken outside the thyroid, but in a region with similar texture
characteristics as thyroid. At the right side of Fig. C.4 the CW'T spectrum concatenated
for the three patches is displayed. It is possible to visualize in the spectrum the scale
frequency bands that were taken for constructing the narrow-band texture signals HF,

MF and LF.

The TB, HF, MF and LF bands for the ZigZag signal version for each patch are shown
also at the right of Fig 4 by concatenating the resulting signals in order to observe
the dynamical difference between textures at different image locations. It is possible to

observe that for Iyg; and Iygo, belonging both to patches located inside the thyroid,
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Fig. C.4: Example of a CWT decomposition of a thyroid US image when three image
patches are taken from different locations of the US images.

the dynamics of the decomposed signals are similar in MF, HF and TB, while the
dynamics resulting from I;;g3 are clearly different. Particularly in HF it is evident that
the frequency components and the amplitude are different inside compared to outside
the thyroid. In LF even if the difference is low we can observe tiny changes in amplitude
when we compare inside and outside thyroid patches. Given this analysis, what we want
is to quantify these dynamical differences between image textures inside and outside the
thyroid, and as explained in the next section, this will be done using a parametrical

model of the different extracted texture signals.

C.2.3 Ultrasound texture parametrical modelling

The size of a patch should be small enough in order to perform highly localized texture
feature characterization. This requirement results in two characteristics of the data
that a texture characterization method must deal with: the small quantity of dynamical
changes (texture variability involving limited number of oscillations or damped oscil-
lations) and the under-sampled characteristics of the data due not only to the size of

the patch, but also to the resolution of the US image modality. Moreover, a texture
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characterization method should also be able to deal with the low SNR characteristics of
US imaging. Under these conditions, classical methods for feature extraction, such as
spectral or statistical based ones and in general data-driven approaches, no longer can
obtain a good estimation of texture characteristics. This is why we propose in this work
to use parametrical modelling of the resulting 16 texture signals from the CW'T decom-
position. These signals present narrow-band characteristics that are well suited to be
modelled with an autoregressive (AR) approach. Our approach consist of a parametric
representation of signal dynamics, which can deal with the drawbacks of the generally

used current methods.

AR modelling is a well-known and well published technique for parametrical spectral es-
timation that has shown advantages over non-parametrical based methods (for detailed
information about AR modelling we suggest [22]). The advantages of the AR represen-
tation is that it is possible to obtain good estimation of the spectrum and higher spectral
resolution using less data than classical methods and that it provides a parametric way

to analyze the data.

The AR model for each one of the sixteen y”[n] texture signals consists of a linear
combination of past samples of the respective signal and a white zero mean noise e[n]

of variance o2:
PB

ylln] ==Y alfyln — K+ e[n] (1)

where a5{k = 1,2,...,pp} are the estimated AR parameters for the narrowband signal
yB[n]. In this work the model order pp is dependent on the band B and was set on
100, 50, 30 and 80 respectively for B = LF, B = MF, B = HF and B = TB. The AR

parameters were estimated using the Yule-Walker method [22].
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C.2.4 Feature extraction and selection procedure

From equation (1) power spectral densities can be computed for each one of the 16
narrowband signals. Since the textural dynamics should be different from one type of
tissue to another, the main estimated components of the spectrum should vary between
different tissues. Additionally, the different degrees of texture irregularities in a given
tissue should be manifested by different contributions on energy of the frequency bands
characterizing the texture signal. Therefore features related to spectral energy of the 16

texture signals (resulting after CW'T decomposition) are used in this work.

To compute spectral energy features the Power Spectral Densities SP(f) for each one of
the 16 narrowband signals have to be first computed from the AR parameters. For that
the Z-transform can be applied to equation (1) and then AR spectrum can be computed

from the resulting transfer function:

1
- PB B ,j2nfn|2
|14+ >°08, ajei?min|

SE(f) (2)

Fig. C.5 shows an example of the information that the AR spectrum can provide for
characterizing tissue. The AR spectra of patches Iys1, Iyse and Iygs for LEF, MF,
HF and TB signals of Fig. C.4 are displayed. It is possible to observe that for both
patches located inside the thyroid (Iys; and Iygs) the AR spectra (in blue and red
lines respectively) main components are similar for the four narrowband texture signals.
For the patch located outside the thyroid (Iyss3) the AR spectral characteristics are

completely different in terms of main frequency components and spectral energy.

These parametrical characteristics can be exploited using the spectral energy of the
estimated spectra. Therefore, the features computed in this novel approach are based on

band energy ratios computed between the different frequency bands of the AR spectra.
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Fig. C.5: AR spectra for patches Iygi, Iyse and Iygs (in blue, red and black lines
respectively) for the four narrowband signals belonging to the ZigZag matrix to signal
conversion.

These type of AR features have already been used for Heart Rate Variability analysis
for extraction of dynamical relationships between sympathetic and parasympathetic
activities of the Autonomous Nervous System [23]. Analog to that, we assume that in
one US texture the relationship between its different levels of irregularity can provide

information for classifying tissue echogenicity.

Taking into account the number of spectra from the different texture signals belonging
to the different conversions, the number of possible spectral energy ratios to be used as
potential features is 256. Therefore a procedure of features selection has been performed
using an analytic test. First, inconsistent energy ratios were eliminated from the analy-
sis. Then different US images were selected from a US thyroid image dataset (Dataset
1, which will be introduced in the next section). For each image 100 patches (20 x 20
pixels) were selected manually, 50 patches belonging to thyroid and the other 50 belong-
ing to non-thyroid regions. In order to evaluate the ability of a feature to distinguish
between thyroid and non-thyroid texture, the patches belonging to regions outside the
thyroid were divided in three classes according to the visual level of texture similarity
that a non-thyroid region has with respect to thyroid texture: similar, semi-similar and
dissimilar. The set of energy ratio features were computed for all the selected patches

and the results were plotted using a color-map matrix as shown in Fig. C.6. Each col-
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umn of this matrix correspond to an energy ratio feature and allows to visually analyze
the ability of an energy ratio feature to distinguish between thyroid and non-thyroid

tissues for different levels of similarity degrees.

Energy ratios: Energy ratios: Energy ratios:
high frequency /  middle frequency /  low frequency /
total band total band total band

50 patches inside |
the thyroid

50 dissimilar
patches outside -
the thyroid

50 patches inside |
the thyroid

50 semi-similar
patches outside -
the thyroid

50 patches inside |
the thyroid

50 similar
patches outside —
the thyroid

Fig. C.6: Color-map pf the computed features in patches belonging to thyroid and three
classes of non-thyroid regions.

Following the analysis of the matrix of Fig. C.6, 30 energy ratios were selected from the
previous analysis. According to their characteristics, they can be divided into two types
of energy ratios (ER). 4 ERs are computed as the energy of the maximal spectral peak
divided by the total spectral energy in a same frequency band and 26 ERs are computed

as ratios between total energy of different frequency bands:

S S (f)
S Spen(f)
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where f1 and f2 are the frequency onset and offset respectively of the main peak
and Sypy and Spgy are the AR spectra used in the numerator and denominator of

equations (3) and are shown in Table C.1

Table C.1: Spectra used in the numerator (NUM) and denominator (DEN) of equation
(3) for computing the 30 energy ratio features

Featuresi_i5 | NUM | DEN || Featuresig—3o | NUM | DEN
ER, SHF | gHF ERig Syt | s
ER, SME | gMFE ERy; SyF | SiTF
ER3 SLE | SQLE ERig SLE | ghE
ER, STF | STB ERo Syt | St
ER; Spr | T8 E Ry SEF | SHE
ERg St T8 ERy; SLE | ShE
ER; SME | GTB E Ry Sif | st
ERg SME-| STB ERy3 Syt sitr
ER, SLF | gTB F Ry GLE | GHF

ER,0 SEF | STB ERy; SME Sy
ER,1 SLF | §TB E Ry SUF st
ER,2 SLE | SghF ERy; SME | GHE
ER3 SLE | SHF ERyg ST s
ER4 SLF | SHF E Ry Sy sET
ER.5 SLE | SHE ERs SME - GHE

The feature extraction algorith was fully implemented in Matlab R2015b and executed
on a PC with a CPU operating at 2.60 GHz resulting in an execution time of 0.06

seconds for computing the 30 features in one patch.

C.3 Results

This section shows the usability of the proposed approach for US feature extraction. 2D

US data from thyroid is used in order to analyze the capabilities of the 30 extracted ER
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features to differentiate between thyroid and non-thyroid tissue in order to use them for

segmenting thyroid.

C.3.1 Thyroid US Data Description

Two different real US image datasets have been used to evaluate the proposed approach.
The first dataset (in the sequel Dataset 1) has been introduced in [24] and involves six
healthy human subjects freehand US images acquired using a Logiq E9 US device with a
linear probe and equipped with an electromagnetic tracking system. This database has
a total of 675 2D US slices with a 760 x 500 pixels with between 53 and 189 US slices
per subject. The second dataset (in the sequel Dataset 2) has been presented in [25]
and can be downloaded in http://opencas.webarchiv.kit.edu/?q=node/29. It involves
freehand US images of 16 healthy subjects, each acquired also with a GE Logiq E9
system but operated by a different clinician in a different hospital than in the Database
1 case. From this dataset, a total of 1600 slices belonging to the 16 subjects (100 slices

per subject) were used with a size of 760 x 1020 pixels per 2D US slice.

For each 2D slice the thyroid was manually segmented by an expert clinician (ground
truth) and was then divided into patches of 20 x 20 pixels labelled as thyroid or non-
thyroid according to the ground truth. It is important to notice that in both datasets
the number of patches belonging to thyroid are less that the ones belonging to non-
thyroid. This is because the ground truth was used for the automatic patch labelling

and usually in a US image the region of thyroid is smaller than the non-thyroid one.
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C.3.2 Average value differences between thyroid and non-thyroid

patches for the selected features

In order to observe the capacity and suitability of the selected features for distinguishing
between thyroid and non-thyroid texture, the average and standard deviation (STD) of
the feature values were computed for the six subjects belonging to Dataset 1 (see Fig. C.7
and Fig. C.8). Tt is possible to visualize that for the whole set of selected ER features,
the average values are clearly different between thyroid (red) and non-thyroid (blue)
tissues. Moreover, in most of the ER features the thyroid and non-thyroid average
values do not strongly change from one subject to another one. Concerning the STD,
it is possible to observe that some ER features works better than others. This is the
case for example of features EFR3 and ERg where the STDs inside the thyroid are much
smaller than outside the thyroid, what is consistent to the homogeneity of texture inside

one healthy organ.

C.3.3 Features evaluation for thyroid segmentation

The proposed approach have been tested on the 359712 patches of Dataset 1 and on the
1791397 patches of Dataset 2. For each patch, the 30 ERs of Eq (3) were computed and

analyzed to see their suitability to distinguish between thyroid and non-thyroid tissues.

In Fig. C.9 3D scatters are displayed for 12 ERs (in groups of three features) computed
from Dataset 1 clearly showing the differences of these ratio values for thyroid (in red)
and non-thyroid (in blue). This confirms that the AR characterization of US texture is

well suited to obtain features that are able to be used for classification of thyroid tissue.

To evaluate the performances of our approach, the computed ER features were used

to segment the thyroid. Because our goal is to show the usability of the extracted AR
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Fig. C.7: Mean and standard deviation of values of ERs features 1 to 15 of thyroid and
non-thyroid patches for the 6 subjects of the Dataset 1.

features for texture characterization in US images, complex classification procedures
were avoided. Therefore only a simple K-Means algorithm for clustering the patches

as thyroid or non-thyroid using the 30 features computed in both datasets was used in
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Fig. C.8: Mean and standard deviation of values of ERs features 16 to 30 of thyroid
and non-thyroid patches for the 6 subjects of the Dataset 1.

this work. As an unsupervised classification for thyroid segmentation, this automatic

labelling was then used in each US image to separate the patches belonging to that
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Fig. C.9: Example of obtained AR spectral energy ratios when the approach is applied
to the full set of patches extracted from the thyroid US Dataset 1.

image as thyroid and non-thyroid.

Fig. C.10 shows some example results of the thyroid segmentation for eight slices: four
examples for correct segmentation (first row) and four involving some false positives
(second row). In solid red line the ground truth is displayed and the green squares cor-
respond to the 20 x 20 patches that were classified as thyroid by applying our approach
to each one of the US images. We displayed US images belonging to different subjects

and also to different positions of the 2D slices with respect to the thyroid volume.

Fig. C.10: Examples of thyroid segmentation using the proposed approach and compar-
ison with the ground truth.

In order to globally evaluate our approach with both datasets, the Dice coefficient (DC)
is computed from all the 2D segmentations for each Dataset. Additionally, the sensitivity
(SE) and specificity (SP) are also computed. The approach obtains a DC of 89.66% with
a SE of 0.95 and a SP of 0.70 for the Dataset 1 and a DC of 86.89% with a SE of 0.89
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and a SP of 0.62 for the Dataset 2.

In order to analyze the significance of our results, the proposed approach was com-
pared with other thyroid segmentation methods proposed in the literature. For that the

comparison results reported in [8] and in [9] are used.

In [8] five thyroid segmentation algorithms are compared using ten subjects, where six
of them are taken from Dataset 1 used in this work. The algorithms that this work com-
pares in terms of Dice Coefficient are Active Contour Without Edges (ACWE), Graph
Cut (GC), Pixel-Based Classifier (PBC), Random Forest Classifier (RFC) and Convo-
lutional Neural Network (CNN). The first three are semi-automatic requiring different
levels of interaction with the operator and the other two are automatic. The results of
this comparison are displayed in Table C.2 showing that our approach outperforms the
other five algorithms.

Table C.2: Comparison of the proposed approach in terms of Dice Coefficient using the
Dataset 1 with algorithms compared in [§].

ACWE GC PBC RFC CNN | this work
80.53% | 74.52% | 66.68% || 85.53% | 87.22% | 89.66%

In [9] an algorithm based on Iterative Random Walks and Random Forest (IRWRF) was
evaluated with the Dataset 2 used in this work. They have compared their approach
with four other algorithms presented in the literature: Echogenicity-based Quantization
(EBQ), Joint Classification-Regression (JCR), RBF Neural Network (RBF), and Feed-
forward Neural Network (FNN). However the reported results for the other algorithms
do not use the same dataset. Despite this fact, we display the results of this comparison

in Table C.3. The algorithm were compared in terms of DC, SE and SP.

137



Table C.3: Comparison of the proposed approach using Database 2 with five algorithm
results reported in [9].

IRWRF | EBQ || JCR | RBF | FNN | this work
DC | 85.4% | 83.9% | 47.9% | 51.2% | 40.0% 86.9%
SE | 98.9% | 95.5% || 56.4% | 87.4% | 47.3% 89.0%
SP | 92.3% | 88.9% || 92.6% | 56.0% | 86.4% 62.0%

C.4 Conclusions and discussions

In this work a novel approach for ultrasound image feature extraction was presented.
The approach is based on characterizing ultrasound texture through parametrical mod-
elling. The image was transformed into a signal, which was decomposed in several
dynamics representing different aspects of the texture. We showed that features con-
sisting on frequency band based energy ratios between the different signal dynamics
contain valuable information about texture and can be useful for US image texture

classification.

The usability of the proposed approach was demonstrated in US thyroid segmentation.
The 30 extracted AR features computed from energy ratios of the parametrical AR
spectra obtain very good and reproducible results for differentiating thyroid and non-
thyroid regions in US images. Using a simple K-Means procedure we demonstrated that
thyroid patches were successfully clustered for thyroid segmentation. The approach was
evaluated with two datasets and compared with ten other algorithms proposed in the

literature, obtaining Dice Coefficients over 85

We strongly believe that this approach can be used in a variety of US applications, not
only for segmentation, but also for data comparison, pattern recognition and possibly
others. The presented research contribution and scientific innovation could lead to an
objective characterization and differentiation of tissues in US, but likely also be used

for other bio-medical imaging methods.
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One of the drawbacks of the proposed approach is that edges between two tissues are
prone to segmentation errors. This is due to the patch approach that we have used.
In order to deal with this problem the next steps is to implement a space-variant AR
modelling, analogue to the time-variant version generally used for non-stationary signal
processing. This not only should deal with tissue border problems but also should allow

to process signal trajectories in a volume in order to perform voxel characterization.

The main focus of this paper was not on thyroid segmentation but on analyze the us-
ability of features that have never been used in the literature for US image analysis.
These novel proposed features, even if they are linear, they have obtained interesting
results in signal processing in application fields such as biosignal processing or tool wear
monitoring. We wanted to analyze how this type of features could work for extracting
characteristics from US images. However, in the near future many aspect of this re-
search should be treated in order to think in clinical significant results for US texture
characterization. First, a more exhaustive analysis and optimization needs to be per-
formed for AR features selection. It is not only necessary to revise the spectral energy
based features but also to see how other AR features (such as pole-based or space vari-
ant features) can be used for US texture characterization. Second, a next step should
focus on analyze how AR features together with nonlinear features (such as higher or-
der statistics or entropy-based features) and a deep learning procedure can work not
only for thyroid segmentation but also for thyroid lesion classification. Finally, in order
to show clinical significance, further research is required in order to see the behaviour
of the proposed features in larger datasets involving unhealthy thyroids, different US
acquisition parameters, different probes and US devices. This is the main next step for

our approach.
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Abstract— Ultrasound (US) imaging is one of the most
cost-effective imaging modality that utilizes sound waves for
generating medical images of anatomical structure. However,
the presence of speckle noise and low contrast in the US images
makes it difficult to use for proper classification of anatomical
structures in clinical scenarios. Hence, it is important to devise
a method that is robust and accurate even in the presence of
speckle noise and is not affected by the low image contrast. In
this work, a novel approach for thyreid texture characterization
based on extracting features utilizing higher order spectral
analysis (HOSA) was used. A Support Vector Machine (SVM)
was applied on the extracted features to classify the thyroid
texture. Since HOSA is a well suited technique for processing
non-Gaussian data involving non-linear dynamics, good clas-
sification of thyroid texture can be obtained in US images as
they also contain non-Gaussian Speckle noise and non-linear
characteristics. A final accuracy of 93.27% was achieved using
the proposed approach.

Abstract

HOSA method has been used for distinguishing between
benign and malignant nodules in thyroid US images. These
approaches involved a pre-processing step where the US
images were enhanced using complex wavelet transform
and finally HOSA was used to extract the features [4], [5].
However, up to our knowledge, all these approaches were
used for classifying the thyroid nodules only but not the
thyroid texture itself from the non-thyroid textures. Similarly.
either frequency or entropy based features were used in these
works to classify the thyroid nodules.

In this work, we propose a novel feature extraction
technique that combines the energy, frequency and entropy
based features to classify the thyroid textures. US images
contain speckle noise which is known to have a non-
Gaussian distribution and moreover the formation of these

Ultrasound (US) imaging is one of the most cost-effective imaging modality that uti-

lizes sound waves for generating medical images of anatomical structure. However, the

presence of speckle noise and low contrast in the US images makes it difficult to use

for proper classification of anatomical structures in clinical scenarios. Hence, it is im-

portant to devise a method that is robust and accurate even in the presence of speckle
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noise and is not affected by the low image contrast. In this work, a novel approach for
thyroid texture characterization based on extracting features utilizing higher order spec-
tral analysis (HOSA) was used. A Support Vector Machine (SVM) was applied on the
extracted features to classify the thyroid texture. Since HOSA is a well suited technique
for processing non-Gaussian data involving non-linear dynamics, good classification of
thyroid texture can be obtained in US images as they also contain non-Gaussian Speckle
noise and non-linear characteristics. A final accuracy of 93.27%, sensitivity of 0.92 and

specificity of 0.62 were obtained using the proposed approach.

D.1 Introduction

Thyroid is an important endocrine gland that is involved in several important body
mechanisms like metabolic regulation, iodine absorption and protein synthesis. Thyroid
diseases often involve changes in the shape and size of thyroid which make it essential
to monitor the state as well as shape and volume of thyroid over time. We use US
imaging instead of other medical image modalities as it is much safer and painless for

the patients as well as easy to use with a higher availability for medical practitioners.

Several approaches have been proposed to classify and segment thyroid texture in US
images [1], [2], [3]. These methods perform the segmentation by edge detection, thresh-
olding between different gray values, region splitting and merging, active contours with-
out edges, graph theory, segmentation based on normalized cut, localized region based
active contour, distance regularized level set, fuzzy c-means algorithm, histogram clus-

tering, QUAD tree, region and random walk.

Most of these methods are not automatic and are highly affected by the presence of
speckle noise and thus require a pre-processing step. In general, it is very difficult to get

rid of the speckle noise completely. In order to better deal with these noise, machine
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learning based approaches have been proposed, but they require a large amount of data

to train the classifiers.

HOSA method has been used for distinguishing between benign and malignant nodules
in thyroid US images. These approaches involved a pre-processing step where the US
images were enhanced using complex wavelet transform and finally HOSA was used to
extract the features [4], [5]. However, up to our knowledge, all these approaches were
used for classifying the thyroid nodules only but not the thyroid texture itself from the
non-thyroid textures. Similarly, either frequency or entropy based features were used in

these works to classify the thyroid nodules.

In this work, we propose a novel feature extraction technique that combines the energy,
frequency and entropy based features to classify the thyroid textures. US images contain
speckle noise which is known to have a non-Gaussian distribution and moreover the
formation of these noise results from a non-linear process. This means that the speckle
noise is dependent on the behavior of the sound propagation in the different body
structure depending on the texture [6], [7]. Thus, no pre-processing has to be carried
out using this approach because this method is a well suited technique for processing
non-Gaussian data (i.e. the speckle noise) involving nonlinear dynamics. For that, the
images are first divided into smaller texture patches and then features are extracted
using HOSA, specifically bispectral analysis. The bispectral features subsequently were
used for thyroid texture classification using a SVM. The results show that the features
extracted from bispectrum of thyroid US image are significant to distinguish between
the thyroid and non-thyroid textures in a thyroid US image. The SVM classification
obtained an average test accuracy of 91.6% when a 1-fold holdout test approach was
used for testing of the thyroid US images. A post-processing method was applied to
improve the thyroid texture classification accuracy and produce a segmented thyroid

with an accuracy of 93.27%.
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D.2 Materials and Methods

D.2.1 Texture Dataset Generation

We have used a publicly available dataset [8] for our work. The dataset consists of 703
thyroid US images each with an image resolution of 760 x 500 pixels from 6 different
patients with each patient containing between 53 to 218 2D thyroid images. The images
were acquired along with the ground truth manually annotated by clinical experts. The
images in the dataset were divided into smaller texture patches of size 20 x 20 pixels to
prepare a texture dataset that consisted of 667,850 texture patches in total with each
image producing 950 patches. Each texture patch was labelled as either thyroid (= 1)
or non-thyroid (= 0). This labelling was done by comparing the texture patches to the
ground truth obtained from expert clinicians. Fig. D.1 shows an example of separation

of a thyroid US images into smaller texture patches.

D.2.2 Bispectral Analysis

Bispectrum is statistical analysis that falls in the category of higher order spectral which
measures the spatial distribution of gray value and their deviation from its Gaussianity.
One of the main advantages of bispectrum is that it allows the extraction of non-linear
characteristics in an US texture patch. Additionally, it can assess the non-Gaussian

property of speckle noise in US images [9].

In this work, the bispectrum is computed for each texture patch in the thyroid US
images by using the Fourier Transform of a third-order cumulants sequence. In order to
compute the bispectrum, first of all, the third-order moment mj(ky, k2), of X[k], where

X|[k] denotes a N x N texture patches (N=20) in an image and k is a 2-D index e.g.,
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Fig. D.1: Dividing of a thyroid US image into texture patches (Green: Ground-Truth,
Red: Thyroid Patches, Blue: Non-Thyroid Patches)

k = [i1, i3] where i1,i5 = 1,.., N and X[k] = X[iy, 5] is computed as following:

where k; and ko are first and second-order correlation of X[k] [?].

The third-order moment is then used to calculate the third-order cumulant of X[k] using

the following equation:

cz(k1, ko) = m3 (1, ko) — mi[my (ki) — my (k)

+m3 (ko — k1)) + 2(m7)? (D.2)

where, m{ corresponds to the first-order moment and mj is the second-order moment.
Finally, all the three moments (i.e. first-order, second-order and third-order) are used to
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compute the bispectrum that is the 2-D Fourier transform of the third-order cumulant

function:

B(fi, f2) = ) Y ik, ko) expiafithel) (D.3)

k1 k2

where f; and f5 denote discrete index spatial frequencies.

The bispectrum of Eq. D.3 contains 12 symmetric regions which are repeated (redundant
region), and knowing one bispectrum is sufficient to derive the others. To prevent this
repetition, only w € {f; = fo} is used for computing the bispectrum which is known as

triangular region of bispectrum computation [11].

The bispectrum values were computed for each texture patches in thyroid US image.
Then some features were extracted from these values for classifying the US image texture

as thyroid and non-thyroid.

D.2.3 Feature Extraction

The bispectrum computed using Eq. D.3 is a complex matrix with large amounts of data
for each texture patch. Since the computed bispectrum matrix contains large amounts
of complex data, a feature extraction step is carried out to extract a set of 10 different
features based on bispectral features already used in the literatures [12], [13]. A total
of 10 linear and non-linear features were computed to classify thyroid and non-thyroid

regions in a thyroid US image.

The linear features computed from the bispectrum are energy based and the purpose of
using these features is to observe the dynamical bispectrum energy difference between
thyroid and non-thyroid regions. For that we computed three different energy levels:

the average, maximum and minimum computed from the bispectrum matrix of each
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texture patch at different locations.

The non-linear features consist of a) frequency-relation-base, that shows the dynamical
difference between different frequencies in the bispectrum of thyroid and non-thyroid
texture patches. These features correspond to sum of logarithmic amplitude, sum of
logarithmic amplitude of diagonal elements and first-order spectral moment of amplitude
of diagonal bispectrum [14]; b) entropy-based features, that compute different level of
entropy in order to show the difference between regularity and irregularity properties
of different texture patches. These features are entropy of phase and entropy of phase

domain calculated for first, second, and third power of domain [4].

D.2.4 Classification

In this work, a SVM was used as a supervised ML approach to classify the texture in

thyroid US images using the 10 features extracted using bispectrum analysis.

SVM classifier is one of the supervised classifier that perform classification class by
constructing hyperplanes. SVM has the capability of data classification by using linear
and non-linear kernel function. In this work, linear boundaries were used to classify
an image into two linearly separable classes of thyroid and non-thyroid. A Polykernel
function was used to transform feature spaces into two classes. The polykernel is defined

as:

k(z,y) = (XTy +¢)? (D.4)

Where x and y are feature vectors from two classes and d is the degree of the polynomial.

Finally, c is a regularization parameter to control the trade-off between low error and
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minimizing the norm of the weight. The classification was carried out in Matlab using
a 1-fold holdout testing method where 5-fold data (i.e. from 5 patients) were used for
training and 1-fold data were used for testing. This process was repeated 6 times until

we included each patient data in the test set.

D.2.5 Post-Processing

T T T T T T T ’ T T

o 100 200 300 400 500 600 700 800 900 1000

200 500
patches

Fig. D.2: An example of post-processing method for an image in dataset DO1. The x
and y axis are number of patches and output labels (1" or ’0’) for thyroid or non-thyroid
respectively. a) shows the output labels of SVM classifier, b) is the output vector of the
first post-processing step and c) is the output vector of the second post-processing step.

During classification, thyroid and non-thyroid texture patches are labeled as "1’ and
‘0’ respectively. The results of classification did not classify all the texture patches
correctly. Hence, a post-processing was required after the classification step. In this
regard, smoothing of the classification output vector was performed to reduce the mis-

classification of the SVM. This results in a better thyroid segmentation (see Fig. D.2).

Each thyroid US image consists of 950 texture patches, hence 950 output labels (i.e.
either 1 or 0) are produced after classification by SVM (Fig. D.2.a) . These output
labels are divided into blocks of size 6 (the block size was chosen based on the number
of thyroid texture patches present in the smallest thyroid US images in the whole image

dataset) resulting in a total of 158 blocks and 2 patches are left out. These two patches

150



are considered as non-thyroid and the rest of the 158 blocks are then analyzed in two
steps, firstly by counting the number of "1’ in each block. The whole block is labeled as
‘thyroid’ if there is at least one "1’ label in it and 'mon-thyroid’ if there is no ’1’ label
in it (Fig. D.2.b). In the second step, if any block before and after the current block
is labeled as thyroid, then this current block is also labeled as 'thyroid’, otherwise it is
labeled as non-thyroid (Fig. D.2.c). Finally, the outer boundary of the classified thyroid
texture patches were extracted to produce a segmented thyroid as shown in the fourth

row of Fig. D.3.

(i) (i) (iif) (iv)

Fig. D.3: Thyroid Texture Classification and Segmentation Results in 4 images of dif-
ferent sizes from different patients (columnwise) where a) is the ground truth, b) is the
SVM classified thyroid texture patches (in red and ground truth is green), c) is thyroid
texture patches after post-processing (in red) and d) is the final segmented thyroid.
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D.3 Results and Discussions

The output of the bispectrum analysis is shown in Fig. D.4. This figure shows four
different bispectrums computed from different regions in the US image. The first two
bispectrum images of al and a2 are from non-thyroid region while b1 and b2 are from
thyroid region. The observation of the computed bispectrum shows that the dynamics
of texture in these two different regions are completely different from each other. We
can even see this difference in the two different non-thyroid regions (i.e. in a completely
black and non-black non-thyroid region), whereas the bispectra look similar in the two
different thyroid regions. This is the characteristic that we want to explore to classify

the texture patches in an US image as thyroid and non-thyroid.

Fig. D.4: Bispectrum results of two different texture patches. al) and a2) are the
bispectrum of non-thyroid area and b1l) and b2) are the bispectrum of the thyroid area.

All the 703 thyroid US images were analyzed using the proposed method. The perfor-

mance of the proposed method was evaluated in the terms of accuracy, which is the
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number of corrected identified patches over total number of patches. The accuracy of
the texture classification using SVM was 91.6% and after post-processing was 93.27%.
Similarly, the Sensitivity and Specificity were 0.83 and 0.53 before the post-processing
and 0.92 and 0.62 after post-processing respectively. Fig. D.3 shows the classification
results on four randomly selected thyroid images using SVM. These images were selected
based on area the thyroid occupies in the US images (i.e. 2 left columns contain the

smaller thyroid and 2 right columns contain the larger thyroid).

The results show that the proposed method can distinguish thyroid and non-thyroid
texture in both the smaller and larger thyroid region (i.e. the second row in Fig. D.3).
We also applied post-processing technique for improving the mis-classification of SVM
and the results can be seen in the third row in Fig. D.3 and the final segmented thyroid
can be seen in the fourth row in the same figure. The first row shows the ground truth
binary images, which were manually annotated by the medical experts. The results
show that the SVM classifier in conjunction with the post-processing step could classify
the thyroid textures accurately. In the figure, the red patches represent the texture

patches classified as thyroid while the green line represents the ground truth region.

The dataset was already used for thyroid segmentation by Poudel et al. [8]. They used
classical segmentation methods such as active contour without edges (ACWE), graph
cut (GC) and pixel based classifier (PBC) to segment the thyroid from the non-thyroid
region. They obtained an accuracy of 73.1%, 74.8% and 67.2% using ACWE, GC and
PBC respectively. Similary, none of the approaches used in this work could segment
the thyroid region in the isthmus region and on top of that ACWE even used a pre-
processing step to reduce the speckle noise in the US images. These results prove that
the classical segmentation approaches are not well suited for segmentation of thyroid and
non-thyroid region in the US images. The approach that we have proposed in this work

is the first experimental study in thyroid image texture classification and segmentation
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that estimates the features using HOSA. We have showed that this method can classify
and segment the thyroid ultrasound images with high accuracy and do not require any

pre-processing steps to reduce the speckle noise.

D.4 Conclusion

In this work, we proposed a novel feature extraction technique using bispectrum analy-
sis to classify and finally segment the thyroid gland in an US image using a supervised
learning approach. The extracted features along with a trained classifier and a post-
processing showed a good performance on thyroid texture classification. The bispectral
method can even work in the presence of speckle noise as no pre-processing step was
used. Similarly, since the formation of different anatomical structures in an US image
is a non-linear process, bispectral analysis can easily distinguish these different struc-
tures (for example thyroid and non-thyroid structures in our case) by computing robust
features for texture classification. The results show that the 10 features extracted from
bispectrum computation are able to accurately classify textures in thyroid US images.
In future, more research can be carried out to classify different anatomical structure
in US images as well as to apply this texture classification methods on images from

different imaging modality.
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ABSTRACT The thyroid 1s one of the largest endocrine glands in the human body, which is involved
in several body mechanisms like controlling protein synthesis, use of energy sources, and controlling the
body’s sensitivity to other hormones. Thyroid segmentation and volume reconstruction are hence essential
to diagnose thyroid related diseases as most of these diseases involve a change in the shape and size of the
thyroid over time. Classification of thyroid texture is the first step toward the segmentation of the thyroid.
The classification of texture in thyroid Ultrasound (US) images is not an easy task as it suffers from low
image contrast, presence of speckle noise, and non-homogeneous texture distribution inside the thyroid
region. Hence, a robust algorithmic approach is required to accurately classify thyroid texture. In this paper,
we propose three machine learning based approaches: Support Vector Machine; Artificial Neural Network;
and Random Forest Classifier to classify thyroid texture. The computation of features for training these
classifiers is based on a novel approach recently proposed by our team, where autoregressive modeling
was applied on a signal version of the 2D thyroid US images to compute 30 spectral energy-based features
for classifying the thyroid and non-thyroid textures. Our approach differs from the methods proposed in the
literature as they use image-based features to characterize thyroid tissues. We obtained an accuracy of around
90% with all the three methods.

INDEX TERMS Medical imaging, support vector machine, artificial neural network, random forest
classifier, texture classification, thyroid ultrasound.
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ABSTRACT

The thyroid is one of the largest endocrine glands in the human body, which is involved
in several body mechanisms like controlling protein synthesis, use of energy sources,
and controlling the body’s sensitivity to other hormones. Thyroid segmentation and
volume reconstruction are hence essential to diagnose thyroid related diseases as most
of these diseases involve a change in the shape and size of the thyroid over time. Clas-
sification of thyroid texture is the first step towards the segmentation of the thyroid.
The classification of texture in thyroid Ultrasound (US) images is not an easy task as it
suffers from low image contrast, presence of speckle noise and non-homogeneous texture
distribution inside the thyroid region. Hence, a robust algorithmic approach is required
to accurately classify thyroid texture. In this work, we propose three machine learning
based approaches: Support Vector Machine, Artificial Neural Network and Random
Forest Classifier to classify thyroid texture. The computation of features for training
these classifiers is based on a novel approach recently proposed by our team, where
autoregressive modelling was applied on a signal version of the 2D thyroid US images to
compute 30 spectral energy based features for classifying the thyroid and non-thyroid
textures. Our approach differs from the methods proposed in the literature as they
use image-based features to characterize thyroid tissues. We obtained an accuracy of

around 90% with all the three methods.

E.1 Introduction

The thyroid is a butterfly shaped gland, one of the largest endocrine glands in the body,
located below Adam’s apple on the front of the neck. It is involved in several body
mechanisms such as controlling protein synthesis, use of energy sources and controlling

the body’s sensitivity to other hormones. Due to these important functionalities, the
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thyroid is one of the important organs in the human body. However, it is susceptible
to many diseases like Graves’ (excessive production of thyroid hormones), subacute
thyroiditis (inflammation of thyroid), thyroid cancer, goiter (thyroid swelling), etc [1].
In all of these cases, the size of the thyroid changes over time. So, it is essential to keep

track of the thyroid size over time.

Ultrasound (US) imaging has been widely used for thyroid staging, as it is much safer
and painless to use for the patients compared to other imaging modalities such as MRI
which uses radio and magnetic waves, Computed Tomography (CT) which uses X-rays
and Positron Emission Tomography (PET) which uses nuclear imaging technique [2].
Segmentation and volume computation of the thyroid have high clinical importance
when it comes to the diagnosis and treatment of thyroid diseases. In this work, we will
mainly focus on characterization of thyroid texture in an US image using three ma-
chine learning (ML) techniques. These approaches are Support Vector Machine (SVM),
Artificial Neural Network (ANN) and Random Forest Classifier (RFC).

The features computed in this work for training the classifier are based on a novel tex-
ture characterization algorithm published previously by our team [3]. A signal based
parametrical approach using Autoregressive (AR) modelling has been proposed to char-
acterize the thyroid texture using 30 AR spectral energy ratios based features that can
distinguish between thyroid and non-thyroid regions. A simple clustering algorithm has
been used to show the significance of the proposed AR-based features. In this new
proposed work, we go further and use our robust textural features to train three differ-
ent machine learning based approaches (SVM, ANN and RFC) that have already been
used to segment US images in the literature. We show in this work that using the AR
features together with the proposed classifiers the obtained results outperform other

thyroid segmentation algorithm already presented in the literature.

The rest of the paper is organized as following: Section II presents the reviews on the
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related works on thyroid segmentation. Section III discusses about the novel feature
extraction that we have used to extract signal based features from thyroid US images
and the different texture classification methods. Section IV presents the results and
compares our results with the ones from literature. Finally, Section V presents the
discussion on the future works that we have planned as well as the conclusions that can

be drawn from our work.

E.2 Related Works

Several approaches have been proposed on how to segment the thyroid in 2D US im-
ages. Zhao et al. [4] proposed several thyroid US segmentation approaches using edge
detection, thresholding, region splitting and merging, watershed segmentation, active
contour, graph theory, US image segmentation based on Ncut and segmentation based
on improved normalized cut. Thyroid segmentation in 2D US and scintigraphy images
using active contour without edges (ACWE), localized region based active contour and
distance regularized level set were proposed by J. Kaur and A.jindal [5]. China et al.
[6] explored the possibilities of using the apriori information based on the US imaging
physics and segmented the thyroid using Iterative Random Walks and Random Forest
(IRWRF). Similarly, segmentation using a polynomial SVM [7], local region-based ac-
tive contour [8], a boundary method and local binary patterns [9] for texture analysis
and level-set active contours models [10] and [11] have been proposed. H. Garg and
A. Jindal worked on feed-forward neural network (FNN) to segment the thyroid in US
images [12]. Similarly, Echogenicity based Quantization (EBQ) and Joint Classification-
Regression (JCR) which uses speckle related pixels and imaging artefacts as a source of
information to perform multi-organ (i.e. thyroid, carotid artery, muscles and trachea)

segmentation in thyroid US images were proposed by Narayan et al. [13].
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Apart from segmentation in 2D images, several research works have been carried out
to segment a fully 3D thyroid. A semi-automated approach to classify thyroid for
volumetric quantification using geodesic active contour was proposed by Kollorz et al.
[14]. Chang et al. used a radial basis function (RBF) neural network to segment the
blocks of thyroid gland [15]. Similarly, a complete segmentation and analysis of 3D
thyroid images was performed by A. Osman [16] by thresholding the voxel intensities
and then connecting similar voxels to predict the thyroid regions. Poudel et al. [17]
have used Active Contours without Edges (ACWE), Graph Cut (GC) and Pixel Based
Classifier (PBC) to segment 2D thyroid images and later reconstructed them to compute

a 3D thyroid.

Most of the above mentioned approaches involved thyroid segmentation using data-
driven approaches which means that, the segmentation of thyroid was carrying out by
directly operating over the pixel values in the US images. Similarly, several works have
been proposed for thyroid nodule classification by characterizing the thyroid tissues.
These works are based on computation of Statistical features [18-20], Spectral-based
features [21], [22] and Higher Order statistics based features [23], [24]. The problem with
using these data-driven approaches for feature computation is that, they are generally
affected by the presence of speckle noise, low signal to noise ratio (SNR) and resolution in

US images and even the pre-processing steps cannot get rid of these problems completely.

Similarly, most of the methods in the literature do not explore texture based features
for thyroid segmentation. We believe this is due to the heterogeneous textural patterns
within the thyroid US images [25] and thus a novel texture based feature extraction
method should be devised to extract robust features which could be used to train the

machine learning classifiers for thyroid segmentation.

As explained earlier, different machine learning based classifiers have been trained only

using statistical, spectral and higher order statistical based features in the literature
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for thyroid texture classification. However, we have used a set of novel parametrical
based features computed using AR modelling to classify the thyroid textures. To our
knowledge, these features have not been used for training the machine learning based
classifiers for thyroid texture classification. This is the main contribution of our work.
We have used three widely used methods of texture classification from the literature
and outperformed several other state-of-the art approaches which use different features

compared to ours.

E.3 Methods

This section is divided into four sections: database generation, features computation,
texture classification and post-processing. In the first section, we will mainly discuss
how the 2D US image datasets were acquired and how the texture patch database for
training of the classifiers was prepared. The second section will present how the features
were computed from the texture patches which were used for training of the classifiers
and the third section presents the thyroid texture classification approach using SVM,
ANN and RFC. Finally, the fourth section will explain a simple post-processing step
that we have used to get rid of the over classified thyroid texture patches from the three

trained classifiers.

E.3.1 Thyroid Datasets and Texture Database Generation

A total of two 2D thyroid US datasets were used in this work. The first dataset (Dataset
1) consisted of six subjects with each subject containing between 53 and 189 2D thyroid
US images. A total of 675 thyroid images with an image size of 760 x 500 pixels were

used. This dataset was acquired by a medical expert in SurgicEye GmbH [36] and has
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been published and available in [26] The second dataset (Dataset 2) consisted of sixteen
subjects with each subject containing between 156 and 289 2D thyroid US images.
The second dataset was obtained by a thyroid specialist medical doctor at University
Clinic of Magdeburg, Germany and contains a total of 3,370 thyroid US images with
an image size of 760 x 1020 pixels. It has been presented in [27] and can be downloaded
from http://opencas.webarchiv.kit.edu/7?q=node/29 Along with the US images,
we also acquired manually annotated ground truth images from the respective clinical
experts who acquired the thyroid images. All the images were acquired using a General
Electric (GE) Logiq E9 US machine equipped with Electromagnetic Tracking system.
The acquired tracking data could be used for 3D reconstruction of segmented thyroid

images and volume assessment over time.

The two datasets were further processed to compute the features for training of the ML
classifiers. Each image from the two datasets were first divided into non-overlapping
texture patches of size 20 x 20 and following the ground truth, each patch was labelled
either thyroid (=0) or non-thyroid (=1). The size of the texture patch was set in such a
way that it captured important dynamical changes that allowed to involve a number of
main frequency components that can help to spectrally differentiate thyroid and non-
thyroid regions (see [3]). On top of that, it should also cover all the smaller regions

inside the thyroid (for example the isthmus region as marked by yellow solid lines in

Fig. E.1).

For the labelling, a thresholding technique was used. Each pixel inside the patch was
compared against the ground truth pixels. Hence, if a patch consisted of more than
70% (i.e. 280 pixels) of the total pixels, the patch was labelled as thyroid. Similarly,
any patch that consisted of only black pixels (i.e. sum of all the pixel intensities inside
a patch = 0) were not used as these patches could not be used to compute the features.

A total of 90,816 and 1,791,397 texture patches were computed from Dataset 1 and
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2 respectively to prepare a final texture database. An example of separation of a 2D
thyroid US image into texture patches is shown in Fig. E.1. In the figure, the green
patches represent the thyroid and the blue patches represent the non-thyroid patches.
The thyroid patches are always present inside the thyroid region which is marked as red

using the ground truth images.

Fig. E.1: The figure represents the division of a 2D thyroid US images into smaller
texture patches. In the figure, Green: Thyroid Patches, Blue: Non-Thyroid Patches,
Red:Ground Truth and Yellow: Isthmus Region.

E.3.2 Features Computation

In this section, we will mainly discuss on how the features were computed from the thy-
roid images which were used for the training of the classifiers for thyroid texture classi-

fication. A detailed explanation on AR modelling, feature computation and prominent
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features selection have been explained in our recent work [3] but we will only introduce
the main steps here. We used AR modelling to compute the features from the texture
patches. The advantage of AR modelling is that the features are computed not directly
from the image data (which in general contain speckle noise and have low SNR and con-
trast) like in Fast Fourier Transform based techniques, but using a parametrical version
of the image data. This allows computing robust features in noisy images and less data

compared to the standard data-driven methods.

First of all, the texture patches are converted into four different types of signals which
capture the texture dynamics within the patch. The transformation from matrix to
signal has been performed using ZigZag (obtained by following the rows direction) and

Spiral transformation and also using their 90 degree rotated patch version (see Fig. E.2).

] D
(a) (b) (c) (d)

Fig. E.2: Conversion of texture patch to four different signals. ((a)ZigZag, (b)ZigZag 90
degree rotated, (c) Spiral and (d) Spiral 90 degree rotated respectively. Adopted from

3]

These signals were then decomposed into four narrowband signals (i.e. low, middle, high
and total band frequency components - LF, MF, GF and TB respectively) by applying
Continuous Wavelet Transformation (CWT). These signals represent the dynamic tex-
tural characteristics such as smoothness or roughness in the texture patches. A total
of 16 narrowband signals were obtained which were modeled using a parametrical AR
model [28]. A set of 30 different features were computed from the AR parameters us-
ing the energy ratios between different frequency bands for each texture patch in the

texture database. A detailed explanation on AR modelling, features computation and
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prominent features selection have been explained in [3]. A flowchart representing the

entire feature computation process is shown in Fig. E.3.
Texture Conversionof P} signals Bands 16 signals Feature 30 features
1 Texture Patch Decomposition [—="""% AR modelling [ . —
Patch . . Computation
to Signals using CWT

Fig. E.3: Flowchart representing the entire feature extraction process.

E.3.3 Texture Classification

This section will present all the three algorithms that were used to classify the thyroid

texture in US images.

Support Vector Machine (SVM)

In this work, SVM with radial basis function (rbf) (aka gaussian) kernel was used to
classify the thyroid texture patches in US images. The features that were obtained from
the feature extraction procedure were used to train the SVM. A total of 30 features
were used to train the SVM classifier. The trained classifier was later used to test the

input images by classifying the texture patches as thyroid or non-thyroid.

Let z € R" be a vector of all the features extracted from the texture patches to be
classified and let a scalar y denote its class label (i.e. whether the texture patch belongs
to thyroid or not, y € {0,1}). Also, let {(z;,v:),7 = 1,2,3,...1} be a set of [ training
data. For the simplest case, when the training patterns are linearly separable, there

exist a linear function:

flx)=Wrz+C (E.1)
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which separates the two different classes by a hyperplane:
flx)=Wrzr+C=0 (E.2)

where, C' is the regularization parameter which controls the cost of misclassification on

the training data.

However, there might exist many hyperplanes that maximize the separating margin
between the two classes. The hyperplane that causes the largest separation between the

different classes is computed by the SVM using minimizing the cost function [29]:

FOV) = SWTW = W (.3

1
2
However, when the data are not linearly separable, a hyperplane cannot separate the
data correctly. Thus, kernel functions are analysed to achieve this separation. In this

work, a radial basis function (rbf) kernel is used which is given by:

w2

) (EA)

k(x,z) = exp(

where,(y = 553) is the kernel parameter that defines how far the influence of a single
training example reaches. In other words, if the value of v is low, then the far away
points from the hyperplane carry more weights and if it is low, the nearer points carry

more weights.

Using this kernel, all the features are sent as the input to the SVM classifier to train it.

The features are represented in the vector form as:

T; = [fi,l;fi,%m-afi,n] (E5)
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where f;, is the n'" feature of the i texture patch.

These features are used as the training vector to train the SVM which is later used
for testing the input images.The three parameters that could be optimized while using
SVM are the kernel, C' and the gamma v . A grid search method with a 10-fold cross
validation technique on the training data was employed to find the optimum parameters.
We found that the SVM performed the best with 'rbf” kernel, C' = 0.7 and v = 1.0.
A total of 75% training and 25% testing data were used to train and test the SVM
classifier. The training and testing of SVM were carried out in Matlab 2017a using the

Image Processing Toolbox.

Artificial Neural Network (ANN)

The classification of thyroid texture patches in US images was also done using ANN
that is primarily an interconnected web of input nodes, hidden nodes and output nodes

called artificial neurons.

The first step was to pre-process the data. The dataset was first split into dependent
and independent variables. The independent variables consisted of the 30 features that
were computed in the feature extraction section. The dependent variables consisted of
data (represented as 1 or 0) that indicated whether the features belonged to thyroid or
non-thyroid patches. Following this, the dataset was split into the training and testing
sets by employing the train test split (75% and 25%) from scikit-learn model selection.
Feature scaling was employed on the training and test sets to ensure that all the values

were in the same range.

The ANN (Multi-layer Perceptron) was built with the Keras library using TensorFlow
on the backend based on the Stochastic Gradient Descent Algorithm (SGD). SGD was

used as an iterative method to adjust the weights and obtain a minimum cost function
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and hence an optimal neural network. The SGD is represented by the following equation:

1 n
Qw) = — > Qi(w) (E.6)
i=1
where, Q);(w) is a loss function based on the training data indexed by 4 [30].

The optimization of the parameters of ANN involved some empirical analysis. After
few experiments, we found that the ANN outperformed SVM and RFC. Hence, the
following parameters were chosen as the optimum ones: 100 epochs, learning rate of
0.1, momentum of 0.9 and 4 layers. The 4 layers consisted of an input layer, two hidden
layers (each of them containing 15 nodes) and an output layer. The Sequential module
was used for the initialization of the network as a sequence of layers and the Dense
module was used to build the layers.A Rectified Linear Unit (ReLU) activation function
was used for the activation of the hidden layers. A sigmoid activation function was used

for the output layers and is represented by:

flz) = (E.7)

where, x = value of the weighted sums and e = Euler’s number (= 2.71828) [31].

The classifier was saved after training the network with a batch size of 32 and 100 epochs.
The trained ANN was used for testing the input images. The classification using ANN
was carried out using Python 3.6 with the help of libraries such as Scikit-learn, Keras

and TensorFlow.

Random Forest Classifier (RFC)

In our approach, we trained a random forest classifier for a binary classification problem,

which classifies each of the patches extracted from the US images as thyroid and non-
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thyroid. RFC is basically a type of ensemble learning method which usually constructs
a final classifier by using a set of M individual weak classifiers. In this case, these weak

classifiers are the binary decision trees. A train-test split of 75% to 25% was used.

The input from the training data for each of the trees, x € {1,....., M} in the ensemble
was created using bootstrapping of the samples (bagging) from the training dataset and
randomly sampling the subset of the features supplied to each tree. Introducing this level
of randomness helped this classifier in reducing to an extent, the dependency between
training and testing data. Each tree is a collection of nodes N and features F', which
aid to the final classification result. A decision tree is made up of a single parent node
N, and multiple splitting nodes Ny, Vi € {1,...,k} and leaf nodes N;,;Vj € 1,...,p.
During the splitting of the nodes, the best split was not chosen based on all the features

but a random subset of features from the training dataset.

All the leaf nodes inside a decision tree have a final probabilistic model ¢, ; € [0, 1]
associated with it. The final decision of a forest for each of the patches extracted from
the US images were made by averaging the individual decisions (¢, ;j(p)) from all the

individual trees in the forest.

M

PR (y(p) = 1) = 35 D 6.(0) (£

=1
We have used the most common and recognized method to train the classifiers [30],

[32]. Just like ANN; the classification using RFC was carried out in Python 3.6 using

Scikit-learn, Keras and TensorFlow libraries.

There are many parameters that can be optimized in RFC. However, we optimized only
the 5 important parameters which were the depth of the trees, minimum number of
samples required to split a node, minimum number of samples required at each leaf

node, number of trees in the random forest and whether to use bootstrap or not. The
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optimum parameters that were obtained after using Randomized Search method were
depth of 10, minimum samples at each leaf node of 2, minimum samples to split a node

4, 200 trees and using the bootstrap method for sampling the training data points.

E.3.4 Post-Processing

The texture classification step produced some over-classified thyroid texture patches.
Hence, to get rid of these over-classifications, a post-processing step was employed. A
largest connected component analysis was performed on the classified texture patches.
For that, the total number of texture patches were obtained by counting the patches
that were classified as thyroid (i.e. the output label = 1). Then a threshold value
was chosen empirically to identify the thyroid patches from the over-classified thyroid
patches. The blocks of texture patches that contained more than the threshold amount
of thyroid patches were considered to be thyroid and the rest were disregarded. Section

IV C presents the results from before and after post-processing steps in details.

E.4 Results

E.4.1 Experimental Setup

For the evaluation and quantitative and qualitative analysis of the proposed feature
extraction and texture classification technique, we performed two-steps experiments.
The two datasets were trained and tested separately. A total of 90,816 and 1,791,397
texture patches corresponding to Dataset 1 and 2 respectively were used for this eval-
uation. Out of these patches, only 68,112 patches were used for training and 22,704
patches were used for testing in Dataset 1. Similarly, 1,343,548 patches were used for

training and 447,849 patches were used for testing in Dataset 2. In both datasets, to
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ensure there was no over-fitting while training of the classifiers, it was made sure that
the training and testing processes did not involve images or texture patches from the
same subjects. The training and testing processes involved the 75% and 25% of all the

texture patches respectively.

The feature extraction part was performed using MATLAB 2017a and the training and
testing of the classifiers was performed in Python 3.6. All the experiments were carried
out using a Lenovo T430 ThinkPad Notebook with Intel Core i5-3320M CPU, NVIDIA
NVS 5400 graphics card, 2.60 GHz processor and 8.00 GB RAM.

E.4.2 Quantitative Analysis

For the quantitative analysis, we have compared our results with the approaches in state
of art that used the same datasets. Similarly, we have also compared our approaches
with other approaches but which do not use the same datasets. For the performance

metric, we have used Dice’s Coefficient (DC), Sensitivity (SE) and Specificity (SP).

DSC is a measure of how similar two objects are, which in our case is the computation of
the overlap area between the ground truth images and classified thyroid texture patches.
Similarly, SE is the measure of the proportion of actual positives that are correctly
identified as such. SP is the measure of the proportion of actual negatives that are

correctly identified as such. They can be computed using the following equations:

2TP

DSC = E.
U= TP TP+ FN (E-9)
TP
E=——"__ E.1
E= T PN (E-10)
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o TN+ FP

(E.11)

where, TP = True Positive (Thyroid Patches identified as Thyroid), F'P = False Pos-
itive (Non-Thyroid Patches identified as Thyroid), TN = True Negative (Non-Thyroid
Patches identified as Non-Thyroid) and F'N = False Negative (Thyroid Patches identi-
fied as Non-Thyroid).

Table E.1: Performance Comparison of SVM, ANN and RFC with State of Art Methods

on Dataset 1.

Methods DSC | SE | SP

ACWE [17] 0.805 - -
GC [17] 0.745 - -
PBC [17] 0.666 - -

RFC - Volume Based [17] | 0.855 - -
CNN - Volume Based [17] | 0.872 - -

KMEANS [3] 0.897 | 0.950 | 0.700
SVM 0.895 | 0.896 | 0.818
ANN 0.930 | 0.928 | 0.970
RFC 0.925 | 0.925 | 0.866

Table E.2: Performance Comparison of SVM, ANN and RFC with State of Art Methods
on Dataset 2.

Methods DSC SE SP
IRWRF [6] 0.854 0.989 | 0.923
KMEANS (3] 0.869 0.890 | 0.620

SVM 0.887 | 0.887 | 0.556
ANN 0.894 | 0.935 | 0.535
RFC 0.891 | 0.935 | 0.517

Using these performance metrics, we have presented the results of SVM, ANN and RFC

and compared them with state of arts in the tables below. These comparisons are
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Table E.3: Performance Analysis of Different State of Arts for Thyroid Segmentation
using Different Datasets

Methods | DSC | SE SP
EBQ [13] | 0.839 | 0.955 | 0.889
JCR [13] | 0.479 | 0.564 | 0.926
RBF [15] | 0.512 | 0.874 | 0.560
FNN [12] | 0.400 | 0.473 | 0.864

carried out in a 2-step procedure. The first step involved the comparison between all
the approaches that use either Dataset 1 or 2 and in the second step, all the approaches
were used for thyroid segmentation but using different datasets. The comparison of
performance between SVM, ANN and RFC and state of arts are presented in Table
E.1 and E.2 and Table FE.3 shows the comparison between different approaches that
use different datasets. Table E.4 summarizes all the parameters we used after the

optimization process in SVM, RFC and ANN classifiers for texture classification.

Table E.1 represents the comparison between the approaches we have used in our work
with the works in [17] and [3] using Dataset 1. Active Contours without Edges (ACWE),
Graph Cut (GC), Pixel based classifier (PBC), Random Forest Classifier (RFC) and
Convolutional Neural Network (CNN) were used in [17] for thyroid segmentation. Out of
these 5 approaches, the first three were non-machine learning (NML) based methods and
the last two methods used machine learning (ML). However, these last two approaches
were operated directly on 3D thyroid images. Similarly, kmeans (a simple clustering
algorithm) was used in [3] to cluster and segment thyroid region in 2D thyroid US

images.

Similarly, Table E.2 presents the comparison between our three approaches and Iter-
ative Random Walks and Random Forest (IRWRF) from [6], a ML based and kmeans

from [3], a NML based approaches using Dataset 2. We also present the results of
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Table E.4: Summary of all the optimized parameters used in SVM, RFC and ANN.

SVM RFC ANN
e kernel = 'rbf’ e tree depth = 10 e epochs = 100
e C'=0.7 e minimum sam- e learning rate
ples to split leaf =0.1
e 7=10 node = 2
e momentum =
e minimum sam- 0.9
ples to split a
node = 4 e number  of
layers = 4

e number of trees
= 200

e bootstrap =
‘true’

thyroid segmentation using four other algorithms in Table E.3. It presents the results
using Echogenicity-based Quantization [13], Joint Classification-Regression (JCR) [13],
RBF Neural Network (RBF) [15] and Feedforward Neural Network (FNN) [12] in terms
of DSC, SE and SP using different thyroid US datasets. Despite the fact that these
approaches use different datasets than we use, we present these results just to see how

these algorithms perform in the domain of texture classification in thyroid US images.

All these metrics were computed using confusion matrix (CM) for each of the approaches
used in our work. We present the CM for all the three algorithms when used on both
the datasets below. In terms of TP, FN, FP and TN, the CM can be represented as
below. The CM were computed during the tests we carried out in the test sets which

consisted of 22,704 and 447,849 texture patches in Dataset 1 and 2 respectively.
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TP FN

CM = (E.12)
FP TN
Dataset 1:
20317 2368
SVM =
16 3
20311 1576
ANN =
22 795
20290 1654
43 717
Dataset 2:

397213 50600
SVM =
34 2
375914 26060
ANN =
21333 24542

374365 26133

22882 24469

From Table E.1 and E.2, we can see that all the three classifiers can classify the
thyroid texture patches with better if not comparable accuracies. SVM has the lowest

accuracy out of the three classifiers with a DC of 0.895 and 0.887 in Datasets 1 and 2
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respectively. Similarly, ANN has the highest accuracy out of the three classifiers with
a DC of 0.930 and 0.894 in Datasets 1 and 2 respectively. RFC produces almost the
same accuracy as ANN with a DC of 0.925 and 0.891 in Datasets 1 and 2 respectively.
These results can be visually accessed in the section below (see Section IV C). Similarly,
all the three approaches outperformed ACWE, GC, PBC, RFC - Volume Based, CNN
- Volume Based and KMEANS on Dataset 1 and KMEANS and IRWRF on Dataset 2
(except for KMEANS outperforming SVM on dataset 1). Apart from other methods,
the tests with RFC and CNN - volume based were tested on the 3D thyroid volumes

corresponding to Dataset 1 instead of individual 2D images.

We have also presented the performance matrices in terms of DSC, SE and SP from
four different approaches in the literature such as EBQ, JCR, RBF and FNN despite
the fact that they were tested on different datasets compared to what we are using in
this work. These results are displayed in Table E.3. Compared to these approaches too,
SVM, ANN and RFC achieve better DSC and similar SE and SP in both the datasets.
These results prove the robustness of the feature extraction process for thyroid texture

classification.

Apart from the accuracy of classification, the feature extraction and training and testing
of the approaches are fully automatic compared to ACWE, GC and PBC which use
some level of human interaction. ACWE requires the user to draw an initial contour,
GC requires the user to scribble the thyroid and non-thyroid region as a initialization
process and PBC requires the users to click inside and outside of the thyroid regions to
extract features from these regions. Also, the initializations are very important in these
approaches as a wrong initialization could result in a misclassification of the different

regions.

The computation time for feature extraction in our work is higher compared to the

state of art techniques. This is mainly because we compute the wavelet spectrum for
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all the scales (or frequencies) in the LF, MF, HF and TB bands. An optimization step
can be carried out to compute the spectrum at a scale that best represents these bands.
Similarly, during AR modelling, instead of computing the power spectral densities (PSD)
at all the frequency components in the complex plane, a set of non-repetitive frequency
components could be chosen. On top of that, we have computed all the features using
MATLAB which makes the process a lot slower. The optimization processes and the
computation of these features in C++ could increase the frequency computation speed
by a factor of 100. However, it is worth to mention that these features need to be
computed only once and can be stored in a .csv file for training the networks in future.
The time taken for classifying a new thyroid US image is however faster compared to
the state of art methods. This makes it applicable for clinical use as the doctors and

radiologist can just take a set of individual US images and segment the thyroid regions

using the trained classifiers.

Fig. E.4: Examples of thyroid texture classification and segmentation using SVM and
comparison with ground truth on Dataset 1.
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Fig. E.5: Examples of thyroid texture classification and segmentation using SVM and
comparison with ground truth on Dataset 2.

Fig. E.6: Examples of thyroid texture classification and segmentation using ANN and
comparison with ground truth on Dataset 1.

E.4.3 Visual Analysis

The training of the three classifiers were followed by testing of individual images which
were not part of the training set. An example of texture classification (first row) and
segmentation (second row) on a total of 8 (4 from each dataset) different thyroid US

images using SVM on Dataset 1 and 2 are shown in Fig. E.4 and E.5 respectively.
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Fig. E.7: Examples of thyroid texture classification and segmentation using ANN and
comparison with ground truth on Dataset 2.

Fig. E.8: Examples of thyroid texture classification and segmentation using RFC and
comparison with ground truth on Dataset 1.

Similarly, the results using ANN on Dataset 1 and 2 on the same images as in SVM are
shown in Fig. E.6 and E.7 respectively. Fig. E.8 and E.9 show the results using RFC
on Datasets 1 and 2 respectively. The images in the first row in all the figures from E.4-
E.9 show the results of texture classification using the trained classifiers and the images
in the second row present the segmented thyroid regions after the post-processing step.

In the figures, the green squares represent the 20 x 20 pixel texture patches classified as
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Fig. E.9: Examples of thyroid texture classification and segmentation using RFC and
comparison with ground truth on Dataset 2.

thyroid and the solid red line represents the ground truth region manually annotated by
the expert clinicians. For testing purposes, we took the thyroid images from different

locations with respect to the thyroid volume and from different patients.

The images from the first row in all the figures (i.e. Fig. E.4, E.5, E.6, E.7, E.8 and
E.9) show the texture classification results from the trained classifiers and the images
from the second row show the post-processed segmented thyroid region (marked with
solid green lines). As evident in the figures, there are some over-classifications of texture
patches as thyroid. Hence, a post-processing step was carried out to get rid of these

over-classified texture patches.

The sample test images along with their ground truth have been shown above. From
these test images, we can see that this way of texture classification obtains the larger
thyroid region compared to the thyroid segmentation using ACWE, GC and PBC as they
fail to segment the isthmus region inside the thyroid [17]. Despite classifying the regions
in the isthmus, our approach achieves few under-classified results inside the thyroid.

This problem could be solved by calculating more features (energy based, entropy based,
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statistical features, etc.) and using some extensive pre-processing techniques to choose
the most prominent features like Principal Component analysis [33] and Information

Gain Techniques [34].

E.5 Discussion and Conclusion

In this paper, we have compared the three different machine learning techniques (SVM,
ANN and RFC) for thyroid texture classification and segmentation. We computed the
features for training of these classifiers using a very novel feature extraction technique. A
signal based version of the US image was used and parametrically modelled to compute
AR features. This transformation of the image to signal possesses many advantages
compared to the image based analysis. With this way of treating the images, the
extracted features are not affected by the presence of speckle noise, low contrast issues
and low SNR in thyroid US images. This allows the classifiers to classify the thyroid
region even in the smaller areas (for example in the isthmus of the thyroid) which was

difficult using some of the state of art methods (ACWE, GC and PBC).

Fig. E.10: A 3D reconstructed thyroid after texture classification and segmentation
using Imfusion.
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We also performed a comparison analysis between our approaches and various ap-
proaches in the literature. Two different comparison analysis were performed, first by
comparing the performance on the same datasets and second on different datasets. In all
of the tests, our approach outperformed the approaches in the literature in terms of DSC
and had similar SE and SP. The results that we have obtained show a close correlation
to the ground truth data. While the accuracy of training of the classifiers are similar,
ANN slightly outperformed SVM and RFC. Our approaches were fully automated, so
the user did not have to invest time in tracking the progress of the segmentation like in
ACWE where the user had to stop the process and run it again, if the initialization of
the contour was outside of the thyroid region. Similarly, in graph cut the user had to
remove the over-classified regions after the segmentation and in PBC, the user had to
make more clicks inside and outside the thyroid regions to get a better estimate of the

features in order to train their decision trees.

One of the main drawbacks of the proposed approach is that it has only been evaluated
with thyroid images from healthy subjects. In the future, we will explore how nodules
can change the spectral behaviour in the US image. Similarly, we have used the images
from a high-end machine (i.e. Logiq E9) for our task and the images from low-end
machine might not have the same segmentation accuracy as we have shown in this
work. Additionally, the classification of the texture patches always produces a non-
smooth boarder in the segmented images. However, the clinical relevance could be
established by training the classifiers on pathological images and the problem of the
rough boarder in the segmented images could be solved by taking overlapping patches
or by using a multi-resolution patch size and using the best size that produces a smooth

appearance in the boarder region.

As future works, more features can be computed by not modelling the US images using

AR model but by other methods as well like Bispectral model [35] and these features
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can be pre-processed by other pre-processing techniques such as Principal Component
Analysis and Information Gain to select the prominent features. We could also combine
the features from different modelling techniques and use them for the classification
task. Similarly, the feature computation time can be reduced by optimizing the wavelet

computation and AR modelling steps.

As mentioned above, the classified thyroid images can be reconstructed to a 3D volume
as we also acquired the tracking data during the image acquisition phase. An example
of the 3D reconstructed thyroid using Imfusion [37] after texture classification and seg-
mentation is shown in Fig. E.10.The Imfusion software allows the user to input all the
binary images obtained from the segmentation as a video file along with the tracking ma-
trices associated with each image frames. The reconstruction is then carried by using a
technique called volumetric compounding where an interpolation is carried out between
the corresponding image frames to fill the empty spaces. The 3D volume information
can be used clinically by the medical experts to monitor the state of thyroid over time.
Since most of the thyroid diseases involve change in the shape and volume of thyroid

over time, the 3D reconstruction and volume computation has a clinical relevance.
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CHAPTER F

Patch Based Texture Classification
of Thyroid Ultrasound Images using
Convolutional Neural Network

Patch Based Texture Classification of Thyroid Ultrasound Images using
Convolutional Neural Network

Prabal Poudel!, Alfredo Illanes! and Michael Friebel

Abstract— Ultrasound (US) is an affordable and important
imaging modality in medical imaging without potential hazards
for patients and medical practitioners as compared to computed
tomography (CT), magnetic resonance imaging (MRI), nuclear
imaging, etc. Texture classification of anatomical structures
in US images is an essential step for disease diagnosis and
monitoring. In this work, we employed a convolutional neural
network to segment thyroid gland in US images. This is partic-
ularly important for thyroid diseases diagnosis as they involve
changes in the shape and size of the thyroid over time. The
training of the CNN was not done directly on the acquired US
images but on texture database that is created by dividing the
thyroid US images of size 760 x 500 pixels into smaller texture
patches of size 20 x 20 pixels. We obtained a Dice coefficient
(DC) of 0.876 and Hausdorff Distance (HD) of 7.3 using the
trained CNN that classifies the thyroid tissues as thyroid or
non-thyroid. This approach was compared compared to the
classic image processing approaches like active contours with
edges (ACWE), graph cut (GC) and pixel based classifier (PBC)
which obtained a DC of 0.805, 0.745 and 0.666 respectively and
Volumetric and Mass Spring Models which obtained a HD of
11.1 and 9.8 respectively.

Abstract

Augustin er al. [3] used fuzzy c-means algorithm, histogram
clustering, QUAD tree, region growing and random walker to
segment thyroid US images. Similarly, thyroid segmentation
in US images using lterative Random Walks and Random
Forest was performed by China er al. [4].

Apart from segmentation in 2D, several research works
have been proposed to segment a full 3D thyroid image.
Dornheim er al. [5] proposed a 3D mass-spring model for
thyroid cartilage segmentation by creating a 3D deformable
shape models. Similarly, Osman [6] performed segmentation
and analysis of 3D thyroid images by thresholding the voxel
intensities and then connecting similar voxels to predict the
segmenting regions.

The approaches described above use classical non machine
learning methods to segment thyroid. However, in the recent
years, there have been significant researches in thyroid seg-
mentation using machine learning approaches. Selvathi et al.
[7] have used a polynomial support vector machine (SVM)
to seement the thvroid eland in US imaeges. A feedforward

Ultrasound (US) is an affordable and important imaging modality in medical imaging
without potential hazards for patients and medical practitioners as compared to com-
puted tomography which uses X-rays, magnetic resonance imaging which uses magnetic
field and radio waves that could heat up the patient’s body during long examinations,

nuclear imaging, etc. Texture classification of anatomical structures in US images is an
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essential step for disease diagnosis and monitoring. In this work, we employed a con-
volutional neural network to segment thyroid gland in US images. This is particularly
important for thyroid diseases diagnosis as they involve changes in the shape and size
of the thyroid over time. The training of the Convolutional Neural Network (CNN) was
not done directly on the acquired US images but on texture database that is created by
dividing the thyroid US images of size 760 x 500 pixels into smaller texture patches of
size 20 x 20 pixels. We obtained a Dice coefficient (DC) of 0.876 and Hausdorff Distance
(HD) of 7.3 using the trained CNN that classifies the thyroid tissues as thyroid or non-
thyroid. This approach was compared to the classic image processing approaches like
active contours with edges (ACWE), graph cut (GC) and pixel-based classifier (PBC)
which obtained a DC of 0.805, 0.745 and 0.666 respectively and Volumetric and Mass-

Spring Models which obtained a HD of 11.1 and 9.8 respectively.

F.1 Introduction

Thyroid is a butterfly shaped gland located below the Adam’s apple on the front of the
neck. It is involved in several human body mechanisms such as synthesis of proteins,
energy sources usage and controlling body’s sensitivity to other hormones. Thyroid
diseases like Graves, sub-acute thyroiditis, thyroid cancer, goitre and thyroid nodule
often involve changes in the shape and size of thyroid. Hence, volume computation of
thyroid over time after segmenting the thyroid using texture classification helps us to
monitor the state of thyroid. This is useful for the medical practitioners to diagnose the
thyroid diseases. US imaging is widely used for data acquisition as it is much safer in

terms of ionising radiation and painless when used on the patients.

Numerous approaches for segmentation of medical images in 2D and 3D using classical

image processing techniques as well as machine and non-machine learning methods
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have been proposed. Segmentation by edge detection, thresholding, region splitting
and merging, watershed segmentation, active contour, graph theory and normalized cut
were proposed by Zhao et al. [1] in 2D thyroid US images. Similarly, segmentation of
thyroid in 2D US and scintigraphy using ACWE, localized region based active contour
and distance regularized level set was performed by Kaur et al. [2]. Augustin et al. [3]
used fuzzy c-means algorithm, histogram clustering, QUAD tree, region growing and
random walker to segment thyroid US images. Similarly, thyroid segmentation in US
images using Iterative Random Walks and Random Forest was performed by China et

al. [4].

Apart from segmentation in 2D, several research works have been proposed to segment a
full 3D thyroid image. Dornheim et al. [5] proposed a 3D mass-spring model for thyroid
cartilage segmentation by creating a 3D deformable shape models. Similarly, Osman [6]
performed segmentation and analysis of 3D thyroid images by thresholding the voxel

intensities and then connecting similar voxels to predict the segmenting regions.

The approaches described above use classical non machine learning methods to segment
thyroid. However, in the recent years, there have been significant researches in thyroid
segmentation using machine learning approaches. Selvathi et al. [7] have used a poly-
nomial support vector machine (SVM) to segment the thyroid gland in US images. A
feedforward neural network [8] was used by Garg et al. to segment thyroid gland from
US images. Similarly, Chang et al. [9] proposed radial basis function (RBF) neural
network to segment the blocks of thyroid gland. Xiang et al. [10] similarly have used
a cascaded CNN involving a U-shaped CNN and deep fully connected CNN which has

also been used by Ma et al. [11] to segment nodules from thyroid images.

Since segmentation of thyroid plays a critical role in diagnosis of thyroid diseases, accu-
rate segmentation is imperative for clinical analysis. The classical non-machine learning

algorithms are not automatic and affected by the presence of noise (particularly speckle)
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and intensity inhomogeneity of thyroid texture in US images. For example, all the ap-
proaches that use active contours require user initialization and wrong initialization can
lead to wrong segmentation results. Approaches using edge detection, thresholding, his-
togram clustering, region growing require the US images to be pre-processed which is
very difficult to get rid of all the speckle noise. Similarly, the machine learning methods
are mainly based on training of the hand-crafted features extracted from the images

which is highly time consuming and complicated.

In our work, we employ a deep convolutional neural network method to classify thyroid
texture in US images. The novelty of our approach is that we use this classifier to
train on the texture patches from a texture database that was created by dividing the
images into smaller texture patches rather than working in a whole image. This possess
greater advantage as compared to training the image as a whole because it allows the
network to learn more localized features in a smaller region and also in segmenting the
smaller regions of the thyroid (for example: the isthmus region), which are otherwise

very difficult to segment using the classic approaches [13].

Fig. F.1: Separation of thyroid US image into texture patches. Blue: Non-Thyroid
Patches, Green: Thyroid Patches, Red: Ground Truth, Yellow: Isthmus Region.

193



F.2 Methods and Procedures

F.2.1 Image Acquisition and Database Generation

The database that we use to evaluate our approach in this work has been introduced in
[12]. Tt consists of a total of 675 2D thyroid US images from 6 healthy subjects with
an image size of 760 z 500 pixels. The images were acquired using a General Logiq
E9 system which was equipped with an Electromagnetic tracking system. A ML6-15
linear probe was used to acquire the US images. While acquiring the images, a tracking
matrix associated to each image was also acquired. These matrices could be used in the

future for volume reconstruction using the segmented thyroid images.

Table F.1: 2D US Images and Generated Texture Database

Dataset | Number of Images | Number of Texture Patches
D01 96 91,200
D02 53 50,350
D03 102 96,900
D04 63 99,850
D05 171 162,450
D06 210 199,500
Total 695 660,250

Input: Convolution Max Pooling Convolution Max Pooling
20x20x1 32.3x3 2x2 64,3x3 2x2

Output Layer, Dense Layer, Flatten Max Pooling Convolution
2 Units 128 Features 2x2 32,3x3

Fig. F.2: Architecture of the CNN.
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Fig. F.3: Left Column: Result of CNN Texture Classification, Right Column: (Green:

Segmented thyroid region after post-processing step, Red: Ground Truth).
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Fig. F.4: Segmentation of thyroid using ACWE (Red), GC (Green), PBC (Blue) and
Ground Truth (White)

The images were then used to generate a database for the training of the CNN classifier.
We divided each image in the dataset into smaller texture patches of size 20 x 20
pixels. This size was chosen empirically so that each texture patch has sufficient pixel
information for feature extraction by the CNN and also perfectly cover the smaller parts
of thyroid region (for example in the isthmus area as shown in Fig. F.1). Each texture
patch was assigned a label (i.e. thyroid = 1 and non-thyroid = 0) by comparing to
ground truth images obtained from the same clinical expert who acquired the thyroid
US images. Finally, a texture database with 660,250 texture patches was generated
(Table F.1). An example of separation of an image into texture patches along with
the annotation of isthmus region can be seen in Fig. F.1. In the figure, blue patches
represent non-thyroid patches and the green patches represent the thyroid patches and
red lining represents the ground truth region obtained my manual segmentation by

expert clinicians.
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F.2.2 Architecture of the CNN

A deep, feed-forward CNN was implemented for the classification of thyroid regions and
ultimately its segmentation. Fig. F.2 shows the network architecture which consists of a
series of convolutional layers where the first convolution layer extracts very generalized
features (such as edges, curvatures, pixel intensities, etc.) that can also be accessed
by human eyes while the deeper layers extract more sophisticated and highly specific
features from each texture patch. The input for the CNN consist of texture patches from
the database and its corresponding label. The input can be represented as X = (T, L,,),

where T, represents a texture patch and L,, represents its label.

The network consists of 3 convolution layers, starting with 32 filters of size 3 z 3. We
increase the number of filters by 2 times in each layer producing 128 in the final layer.
The convolution layers are followed by a Leaky Rectified Linear Unit (Leaky ReLU) and
max-pooling layer of size 2 ¢ 2 with 0 stride. We choose Leaky ReLU as it attempts
to solve the problem of ReLU as some units might die when a large gradient flows
through a ReLLU neuron. ’Categorical Crossentropy’ was set as the loss function and
‘adam’ optimizer was used for the minimization of the loss function. In the last layer,
a softmax activation was used with two units to predict the output probability of each

pixel in each texture being either a thyroid or non-thyroid.

Data augmentation was not carried out as we had sufficient texture patches. In order to
avoid the problems of over-fitting, we added a dropout of 0.25 after each max-pooling
layer. Additionally, all the texture patches were normalized using Z-score method (i.e.
subtracting the mean and then dividing by the standard deviation of the pixel intensities

of each patch).
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F.3 EXPERIMENTAL SETUP

F.3.1 Experimental Setup

In this work, we trained a CNN for classification of thyroid texture as a 2-class classifica-
tion task. We also implemented three non-machine learning based approaches (ACWE,
GC and PBC) to compare the performance of CNN with them. All of these approaches
require some human interactions making them semi-automatic approaches. In ACWE,
the user needs to initialize a mask by drawing a rectangle/square which evolves over
different iterations to produce a segmented thyroid. Similarly, in GC, the user needs
to scribble a thyroid and non-thyroid region which are modelled by different Gaussian
Models to predict the probability of each pixel being either a thyroid or non-thyroid. In
PBC, the user needs to click in the thyroid and non-thyroid region from which different

features are extracted to separate the thyroid regions from non-thyroid regions.

For evaluation and quantitative analysis of the trained CNN, 10-fold cross validation ex-
periments were performed. The overall dataset was first divided into 10 non-overlapping
groups so that the same images are not used for both training as well as validation and
testing. Out of the 9-fold data for training, 8-fold were actually used for training and 1-
fold for validation. The validation set was used to fine-tune the parameters of the CNN
and test set was used for performance analysis of the trained CNN. During the testing
phase, the classified pixels in each textures were post-processed using a thresholding
technique. Only the block of texture patches that contained more than 60% thyroid
(=1) texture patches were considered as the thyroid patch while the rest as non-thyroid
patch. Finally, the largest block of texture patches was considered as the thyroid region
and the rest were disregarded. The classified texture patches (green square boxes) using
CNN and the final segmented thyroid regions (green solid lines) after the post-processing

steps are shown in first and second columns respectively in Fig. F.3.
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All the experiments were carried out using a Lenovo T430 ThinkPad Notebook with Intel
Core i5-3320M CPU, 2.60 GHz processor and 8.00 GB RAM. The operating platform
were MATLAB2017 and Python 3.6. The training time was 2.45 hours where the CNN

was trained for 20 epochs. DC and HD were used as the performance metrics.

F.3.2 Classification Results and Comparison with Other Meth-

ods

As mentioned earlier, 10-fold cross validation approach was used for the performance
analysis of the CNN. We obtained a DC of 0.937 for training and 0.935 for validation
and an average DC of 0.876 for testing on comparison with the ground truth for the
10 different tests we carried out. The result of texture classification and segmentation
in four thyroid images from different subjects are shown in Fig. F.3. In the figure,
green patches in the left column represent the classified thyroid patches before largest
component analysis while the green region in the right column represent the segmented
thyroid region after largest component analysis and extracting the borders from the
thyroid patches. Similarly, the result of thyroid segmentation using ACWE, GC and
PBC is shown in Fig. F.4. In the figure, white solid line represents the ground truth,
ACWE is represented by red line, GC by green and PBC by blue region. From the
figure, we can see that these approaches cannot segment the thyroid in narrow regions
(for example isthmus) and often leads to under segmentation while CNN does not fail
to segment these regions. The dividing of the image into smaller texture patches allows

for these smaller to be segmented using CNN.
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Table F.2: Comparison of Average Computation Time and Number of User Interactions

Method | Computation Time (sec) | Number of User Interactions
ACWE 369 8

GC 98 36

D03 10 5

CNN 13.65 0

Table F.3: 2D US Images and Generated Texture Database

Method | DC | HD (mm)

ACWE | 0.805 8.2
GC 0.745 8.4
PBC 0.667 9.6

CNN 0.876 7.3

We also compared the computation time and number of user interaction required for
all the 4 approaches (CNN, ACWE, GC and PBC) and present them in Table F.2.
We can see that all the three non-machine learning based approaches require some level
of human interaction for segmenting the thyroid. CNN however, does not require any
human interaction and is fully automatic, which makes it potentially easier for the
medical professionals to use this method. Also, the computation time for the three

methods are higher compared to the CNN (exception: PBC) where ACWE takes 369
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seconds, GC takes 98 seconds and PBC takes 10 seconds, while CNN only takes 13.65
seconds. These times are taken for segmentation of all the thyroid US images on average
per test set. Similarly, the number of user interactions required are also on average per
test set. The comparison of segmentation accuracy in terms of DC and HD in all the
four methods are presented in Table F.3. These results prove that CNN outperforms

all the other five methods in terms of accuracies, computation time and ease of use.

F.4 CONCLUSIONS

In this work, we employed a deep learning based approach (i.e. CNN) to classify the
thyroid texture and finally segment the thyroid region after dividing the thyroid US
images into smaller texture patches. The results obtained proved that this way of
dividing the images into smaller texture patches achieves better thyroid segmentation
as compared to classic non-machine learning approach which fail to segment the complex
structures (for eg: isthmus) of thyroid. This is clearly visible in the obtained results in
Fig. 3. However, a quantitative analysis could also be carried out by computing the
accuracy of segmentation in the isthmus area. On top of that, CNN is fully automatic,
fast and robust as compared to other methods which aids the medical practitioners in
diagnosis and monitoring of thyroid over time with less effort. Similarly, there were no
any cases that proved to be difficult to segment with this approach. However, all the
US images were acquired using a single US machine (GE Logiq E9). Hence, in future,
more images have to be acquired from different US devices using different acquisition
settings (by varying the depth, gain, and other acquisition parameters) to prove the
robustness of the applied approach. Nevertheless, we recommend using this method for

classification and segmentation of textures from other organs in clinical settings.
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