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Abstract
The thyroid gland is an endocrine gland that is responsible for iodine metabolism and
hormone regulation in the human body. The thyroid gland is susceptible to disorders such
as Goitre, Hashimotos Thyroiditis, cancer, etc., which often present with lumps in the
neck. Any physician who examines the gland, first palpates the region where the lump is
present and orders for a follow up investigation to make a diagnosis. This is done with the
help of imaging modalities such as ultrasound, computed tomography (CT) and magnetic
resonance imaging (MRI) . The choice of imaging modality is dependent on the severity
of the condition prevalent with the disorder. Imaging with CT or MRI modalities are
recommended when the treatment of the disorder involves surgically operating the gland.
But in a clinical setting, which is where a majority of patients are treated, ultrasound is
the gold standard imaging modality used to screen the thyroid gland for disorders.
The aim of this research is to devise automatic landmark based multiorgan detection
and segmentation algorithms for freehand 2D ultrasound images of the thyroid gland.
Three new methods are proposed to automatically detect and segment multiple organs
in the US images of the thyroid gland. The organs that are considered for this research
are: (a) the thyroid gland; (b) the carotid artery; (c) the trachea; and (d) the muscles.
All of our methods make use of speckles and imaging artefacts in the image, which are
otherwise considered to be noise, as sources of information to detect and segment the
organs in ultrasound images. The speckle related pixels are determined by the application
of Hessian based blob detectors on the ultrasound image. We demonstrate the application
of our methods to perform guided interventions, volumetric analysis and computer aided
diagnosis.
In the first of the three methods, the speckle related pixels are clustered into three
echogenic classes based on its relative brightness in a kernel. An energy based model
is then used to detect the carotid artery in the labelled image (image whose pixels are
labelled with the cluster number). The carotid artery is used as a landmark to detect
and segment the remaining organs in the image. In the second method, an agglomerative
clustering constrained with a similarity metric is proposed to cluster the speckle related
pixels into an unknown number of echogenic classes. The total number of class labels
generated at the end of the clustering determines the number of echogenic classes in
the image. This process is viewed as a quantization of the speckle related pixels into
levels that are determined by the tissue echogenicity. The enhancement artefact is then
detected in the quantized image which is in turn used as a landmark to detect the carotid
iii
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artery. The carotid artery is used as a landmark to detect the remaining organs. All
organs are segmented by the application of region based local phase methods. In the last
algorithm, the speckle related pixels are classified into their respective echogenic classes
by the use of local phase based methods. The carotid artery and the trachea are detected
from the binary image containing the hypoechoic pixels as foreground pixels. The pixels
of the carotid artery and trachea along with the pixels that lie in the region between
them are used to train a random forests classifier to classify the remaining pixels that
belong to the hyperechoic tissue into the thyroid gland and background pixels.
The proposed methods are compared with each other and with state-of-the-art methods to prove the efficacy of the algorithms in performing medical image analysis. Manual
segmentations obtained from two trained sonographers are used as ground truth to validate the algorithms. In all, 1091 images from five databases of annotated images are
used in our experiments. The images are pre-processed by a novel annotation removal
and image restoration algorithm that restores images to a high quality (average PSNR
> 38dB) . All of our methods yield good quality segmentation results with Probabilistic
Rand Index (PRI) > 0.83 and Boundary Error (BE) < 1mm . Analysis of the results
using the Dice co-efficient as the metric shows that the proposed methods performs better
than the state-of-the-art methods.
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Chapter 1
Introduction
In an era dominated by changing lifestyles, the rate at which the general world population is contracting diseases of various sorts is increasing by the day. The rate is so
alarming that governments around the world have reserved a very large proportion of
their financial budget to improve healthcare. Such is the importance of innovation in
medical technology (MedTech) in recent times. Innovation in MedTech can be anything
from a novel way to dispose surgical needles to complex automated robots for surgery
that incorporate sophisticated algorithms as a part of its workflow.
There has been a significant effort in the research community over the last couple
of years to streamline the process of MedTech innovation under one banner called the
”Biodesign” process [1]. The Biodesign process starts with the identification of a clinical
need followed by the innovation stage that deals with ideation and brainstorming and ends
with the implementation of the idea. Adhering to the stages outlined in the biodesign
process, theme of the research work is in the Otorhinolaryngology field of medicine and
the clinical need is to devise automatic methods to segment multiple organs in ultrasound
images of thyroid gland.

1.1

The thyroid gland

The thyroid gland is an endocrine gland that is responsible for iodine metabolism and
hormone regulation in the human body. It is a H-shaped organ located at the base of
the neck and is surrounded by the trachea posteriorly, the parathyroid glands, the strap
muscles, the longus colli muscle, the carotid artery, internal jugular vein and the neuro
vascular bundle. The gland has two lobes that are connected together by a bridge of soft
tissue called isthmus. The size and weight of the thyroid gland are influenced greatly by
the lifestyle and gender. Under normal circumstances the thyroid gland weighs about
30gms and is about 4-6cm long and about 3cm wide [2]. Figure 1.1 shows the location
of the thyroid gland at the base of the neck along with the surrounding anatomical
structures.
Screening the thyroid gland for disorders can be done using any of the following imaging modalities: (1) Ultrasound (2D/3D) (2) Scintigraphy (3) Positron Emission Tomog1
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Figure 1.1: Thyroid and its surrounding anatomical structures
raphy (PET) (4) Computed Tomography (CT) and (5) Magnetic Resonance Imaging
(MRI). Of all the modalities, ultrasound is the most preferred choice amongst clinicians
and radiologists as it is portable, does not require any ionising contrast agents, radiation
free and easy to learn. Scintigraphy measures the activity of the thyroid gland after the
gland has been infused with a radionuclide, usually radio-iodine I-123 (123 I) or radioiodine I-131 (131 I). A PET scan is also used to observe the activity of the thyroid gland.
CT and MRI scans are also popular choices to scan the thyroid gland but are expensive
and not as portable as ultrasound imaging devices. In principle, ultrasound imaging is
used as a first level screening imaging modality and CT/MRI are used later to confirm
the diagnosis. Ultrasound imaging is still a popular tool to perform guided interventions
such as Fine Needle Aspiration Biopsy or Cannulation of the Internal Jugular Vein [3].
Figure 1.2 shows the thyroid gland seen under each of the imaging modalities1 just discussed. Figure 1.3 shows the ultrasound image of the thyroid gland with the boundaries
of the different organs visible marked by an experienced sonographer.

1.2
1.2.1

Motivations
Volumetric analysis

Disorders of the thyroid gland such as Goitre, Graves Disease, Hashimoto’s Thyroiditis
and Thyroid Carcinoma [4] are caused due to imbalance in Iodine uptake. The disorders
result in the enlargement of the gland and the differential diagnosis of the disorders is
1

Source: www.thyroidimaging.com
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Figure 1.2: Imaging modalities used to screen the thyroid gland for disorders

(a)

(b)

Figure 1.3: Ultrasound image of the right lobe of the thyroid gland in (a) transverse and
(b) longitudinal scans, depicting the boundaries of the thyroid (in purple),
the carotid artery (in red), the muscles (in blue) and the trachea (in green)
that have been manually delineated by a trained sonographer.

3
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done based on the volume of the diseased gland when compared to that of the normal
gland. The volume of the normal thyroid gland is dependent on the body weight, height,
age and gender of an individual and can vary between 5 to 20ml [3] . Not only is the
estimate on the thyroid volume used to diagnose the type of disease affecting the thyroid
gland [5] it is also used to calculate the dosage requirements of 131 I, that is used to treat
graves disease [6]. The dosage of 131 I is calculated using the formula of Equation (1.1):
D = V × [100%/U ] × C

(1.1)

where D is the 131 I dosage , V is the volume in millilitres of the thyroid gland which is
manually estimated using any modalities described in Section 1.1, U is the 24 hour radioiodine uptake and C is a constant [6]. If the volume is over-estimated, then the dosage
of 131 I given is higher which may subsequently lead to carcinoma in the thyroid gland.
In the event of underestimation, the probability of recurrence of the disorder is higher.
So it is important that the volume of the thyroid gland be estimated as accurately as
possible. There are three different methods to estimate the volume of the thyroid gland
depending on the modality of imaging used to screen the thyroid gland. They are:
(1) The ellipsoid method [7]
(2) The planimetry method [8]
(3) The cavaliari method [9]
1.2.1.1

The ellipsoid method

The ellipsoid method is the preferred method to estimate the volume of the thyroid
gland when ultrasound is used to scan the gland. This method was first proposed by
Brown et al., [7] where the shape of the thyroid gland is approximated to be an ellipse
and the volume of each lobe is calculated by Eq. (1.2):
Vlobe =

π
× L × W × D,
6

(1.2)

where L is the maximum length of the gland when observed under a longitudinal scan,
W is the maximum width of the gland under the transverse scan and D is the maximum
anterio-posterior height of the gland under a transverse scan. The parameters of Eq. (1.2)
are measured manually by a technician or a doctor with the help of the digital calipers
present in the ultrasound workstation. Figure 1.4 shows the measurements made on an
ultrasound image of the thyroid gland. The final thyroid volume is obtained by adding
the volumes of the two lobes.
1.2.1.2

The Planimetry method

This method is employed when MRI or CT modalities are used to scan the thyroid
gland [8]. In this method, the surface area of the gland in each slice of the gland is
4
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Figure 1.4: (a). Measuring the maximum width (W) and depth (D) of a thyroid gland
on a transverse Ultrasound scan of the gland; (b). Measuring the maximum
length(L) of a thyroid gland on a longitudinal Ultrasound scan of the gland;
(c). Measuring the dimensions of the isthmus on a transverse scan of the
gland. Source: [10]
calculated manually and is then multiplied by parameters such as the slice thickness
and slice gap to obtain an estimate on the volume of the thyroid gland. This method
is applicable to all modalities that facilitate 3D imaging of the gland, including the 3D
Ultrasound imaging modality. In the case of 3D ultrasound imaging modality, the volume
is calculated according to Equation (1.3) [11]:
Al
At
π
× Dl × 4
×4
(1.3)
6
π × Dl
π × Dt
where, Dl and Dt are the maximum depth in the longitudinal and transverse sections
of the scan respectively, Al and At are cross-sectional areas in the longitudinal and
transverse planes, respectively.
Vp =

1.2.1.3

The Cavaliari method

Similar to the planimetry method of Section 1.2.1.2, the Cavaliari method is employed
to estimate the volume of the thyroid gland when it is imaged using 3D modalities such
as the CT imaging or MRI. In this method, a grid of equidistant test points are overlaid
on the image and the points that are close to the boundary points of the thyroid gland
(manually marked) used to determine the surface area of the thyroid gland in each slice of
the 3D volume. The volume of the thyroid gland is estimated by adding the surface areas
of every slice [9]. Figure 1.5 illustrates the thyroid volume estimation using the Cavaliari
method on MRI volume of the thyroid gland. The test grid is used as a reference to
compute the surface area in square centimetres\millimetres.

5
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Figure 1.5: Illustration of application of the Cavaliari method on two consecutive slices
of MRI images of the thyroid gland. The white dots denotes the boundary
of the gland manually outlined by an expert radiologist. Source: [9]
1.2.1.4

Alternates to the ellipsoid method

Owing to the popularity of ultrasound imaging to screen the thyroid gland, the ellipsoid model of Section 1.2.1.1 is often used to estimate the volume of the thyroid gland.
This method is however known to underestimate the thyroid volume [6, 9, 12–14]. There
has been a constant effort in the scientific community to determine the cause for this
and come up with better ways to estimate the volume of the thyroid. While some argue
that the inter-observer variability plays a major role in the estimation [11], there are
others [15] who argue that the π6 = 0.524 factor of Eq.(1.3) is responsible for the error
in estimation. Based on the work by Brunn et al., [15] the World Health Organization
has recommended the use of 0.479 instead of 0.524 as the correction factor in Eq. (1.3).
Shabana et al., [16] suggest that any value in the range [0.494, 0.554] can be used as the
correction factor for the bias in Eq.(1.3) to get a good estimate of the thyroid volume.
Ruggeri et al. [17] and Trimboli et al., [18] have proposed the linear model of Equation
(1.4)
Predicted Volume = 1.24101 × Vlobe + 3.66287
(1.4)
where Vlobe is the volume of the gland estimated using Eq.(1.2) or by:
Vlobe = AreaT × LengthL .

(1.5)

to predict the volume of the thyroid gland. The constants in Eq. (1.4) are generated
by using the SAS system software 2 . The authors in [17] have reported an accuracy of
43% using this method by comparing the predicted volume estimates to the post surgical
estimate obtained using the Archimedes Principle.
Even with such improvements over the ellipsoid method, the volumes estimated are
still reported to be underestimates of the actual thyroid volume (obtained by applying
Archimedes Principle only in cases where the thyroid gland was surgically removed) [9].
This is because, US imaging, in general, requires several parameters that needs to be set
before acquiring the images and if the settings are off by a small margin, the boundaries
2

http://www.sas.com/en_us/software/analytics/stat.html

6

CHAPTER 1. INTRODUCTION
of the tissues may appear diffuse in the display. Under such circumstances, the lower
boundary of the thyroid gland may not be seen and the operator will have to rely on
his/her experience to approximate the boundary to estimate the volume. Thus, whatever
be the model used, the volumes will be underestimated as long as the boundary of the
thyroid gland is manually detected. One possible way to overcome this will be to devise
methods that can automatically detect the boundary of the thyroid gland and highlight
the boundaries on the display.

1.2.2

Guided interventions

The use of ultrasound to perform guided interventions is discussed in this Section.
The terms guided intervention and procedure are used interchangeably in the rest of the
chapter and refers to the insertion of a sterile needle into the skin under the ultrasound
probe. Depending on the type of intervention and the organ of interest (nodule\vessel),
there are four methods of ultrasound guidance [19, 20]:
(1) Indirect method: In this method, the ultrasound probe is first positioned on the
neck and a mark is placed on the skin at the location that corresponds to the organ
of interest. The probe is then removed and the procedure is performed without the
visual aid provided by the ultrasound display.
(2) Direct method: Contrary to the indirect method, the entire procedure is monitored
continuously on the ultrasound display in this method.
(3) Mechanical guides: In this method, an external fixture is attached to the ultrasound
probe. The fixture has a slot through which the needle can be inserted. This method
is known to be cumbersome and is seldom used to perform guided interventions
although the accuracies reported with this method are close to 100%.
(4) Free-hand method: This method is similar to the direct method and differs only in
the way the needle is inserted into the skin.
Of the four methods, the free-hand method is preferred by the medical community to
perform guided interventions [21]. Ultrasound is used as a guide to: (a) perform biopsy;
and (b) catheterize the internal jugular vein in the head and neck region of the human
body.
1.2.2.1

Fine Needle Aspiration Biopsy (FNAB)

This is a test that is performed to assess the malignancy of thyroid nodules. Thyroid
nodules are abnormal lumps that develop in the thyroid gland. The majority of thyroid
nodules are benign cysts or swellings caused by thyroid inflammation. In FNAB, a needle
is used to extract some cells from the thyroid nodule. The location on the skin where the
needle needs to be inserted is determined by placing the ultrasound probe over the region
where the lumps are present and visualizing the nodule on the display in real-time. The
7
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sampled cells are then sent to a pathologist to determine whether the cells are malignant.
If the cell yield is sufficient, FNAB is an accurate method to differentiate benign from
cancerous nodules. However, in 20% of patients, either the cell yield is insufficient to
obtain a diagnosis or the pathology report does not allow the diagnosis of cancer to
be completely excluded. Incorrect parameter settings at the time of acquisition which
leads to diffuse tissue boundaries is most likely the cause for this. A better cell yield
can be obtained if the boundary between the thyroid gland and the nodule is clearly
demarcated automatically and displayed to the operator performing the biopsy in realtime. This requires the thyroid gland to be detected and segmented first followed by the
application of methods to detect and segment the nodules within the segmented thyroid
gland.
1.2.2.2

Cannulation of the internal jugular vein (IJV)

Ultrasound guided cannulation is defined as ”ultrasound scanning being performed to
verify the presence and position of a suitable target vessel before skin puncture followed
by real-time ultrasound imaging to guide the needle tip throughout the vessel puncture
process” [22]. Cannulation of vessels is necessary to obtain central venous access for
haemodialysis, administration of antibiotics\fluids and for haemodynamic monitoring.
Owing to the anatomical location of the IJV and the ease with which it can accommodate
catheters of various sizes, the IJV is the preferred vessel to obtain central venous access
[23]. However, its proximity to the common carotid artery results in complications such
as laceration of pleura, subclavian artery puncture, hematoma, catheter malposition,
fragment embolization, air embolism, venous thrombosis, and infection are included,
some of which may cause death if not treated immediately [24–29]. Such complications
can be reduced if the carotid artery is automatically detected, segmented and tracked in
real-time during the procedure.

1.3

Problem statement and Objectives

When examining a thyroid gland with ultrasound, a physician (an Otorhinolaryngologist) makes a note of the following features visible in the image: (a) tissue echogenicity;
(b) vascularity of blood vessels; and (c) size of the anatomical structures of interest. The
detection of such features in a software setting that help a doctor to make a diagnosis
is termed as Computer Aided Diagnosis (CAD) . While the tissue echogenicity and the
size of anatomical structures provide information on the malignancy risk of the disorder,
the vascularity of blood vessels tells us if there are any clots in the vessel. The size of
the anatomical structures also help in determining the kind of treatment that needs to
be administered to cure the disease once the diagnosis is made. For example, from the
discussion in Section 1.2.1, the length, width and depth of the thyroid gland are needed
to estimate the volume of the thyroid gland which is then used to determine the amount
of radioiodine that needs to be administered to treat thyroid disorders such as Goitre etc.
Automatically estimating the volume of the thyroid gland will eliminate the subjectivity
8
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associated with manual volume estimation and helps in determining the right quantity
of medication that is needed for the therapy. This application of ultrasound imaging is
called diagnostic imaging. Apart from diagnostic imaging, ultrasound is used to perform
guided interventions such as cannulation of interal jugular vein to obtain central venous
access. It was seen in Section 1.2.2.2 that accidental puncture of the common carotid
artery is one of the most common complications of this procedure. Automatically detecting, segmenting and tracking the common carotid artery will help in preventing the
complications that arise during guided interventions using ultrasound.
While there are automatic methods proposed to: (a) segment the thyroid gland for
volumetric analysis; or (b) detect, segment and track the carotid artery for guided interventions; there is no single algorithm that performs both at the same time. Moreover,
these methods are semi-automatic methods that require manual initializations to perform
the operations. All algorithms make use of pre-processing algorithms to remove speckle
noise and imaging artefacts. But a review into the literature on ultrasound image formation suggests that the echogenicity of a tissue is due to the speckles in the image
and the imaging artefacts provide information regarding the characteristics of the tissue
surrounding it. Further, the methods are not invariant to image acquisition settings and
rely heavily on the brightness information present in the images to segment the organs.
Automatic organ detection is absent in a majority of the algorithms.
The aim of this research work is to perform automatic landmark based multi organ
detection and segmentation (MODS) in free hand 2D ultrasound images of the thyroid
gland. The following objectives are identified to accomplish the goal:
(1) Identify suitable landmarks associated with organs that need to be segmented and
eliminate the need for manual initializations to perform MODS.
(2) Devise methods to perform tissue characterization that are invariant to image acquisition settings.
(3) Detect and segment the thyroid gland, the common carotid artery, the muscles and
trachea in 2D ultrasound images of the thyroid gland.

1.4

Original contributions

The contributions of this research work are:
 An in depth review of the state-of-the-art methods to: (a) perform binary and
multi-organ segmentation; and (b) perform qualitative, quantitative and statistical
validation of the segmentation results.
 A preprocessing algorithm to automatically remove annotations from ultrasound
images and accurately restore the image. The restored images are of high quality
with average PSNR > 38dB.

9
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 Methods to perform echogenicity based tissue characterization using speckles and
localization of organs using imaging artefacts as landmarks. The speckle related
pixels are determined by the application of Hessian based blob detectors on the
ultrasound image.
 Three new methods to perform MODS in 2D ultrasound images of the thyroid
gland. Of the three algorithms, two are unsupervised and one is a semi-supervised
algorithm. All three algorithms perform better than the state-of-the-art methods.

Method 1 : The speckle related pixels are clustered into three echogenic classes
based on its relative brightness in a kernel. An energy based model is then used
to detect the carotid artery in the labelled image (image whose pixels are labelled
with the cluster number). The carotid artery is used as a landmark to detect and
segment the remaining organs in the image.
Method 2 : An agglomerative clustering constrained with a similarity metric is
proposed to cluster the speckle related pixels into an unknown number of echogenic
classes. The total number of class labels generated at the end of the clustering
determines the number of echogenic classes in the image. This process is viewed as
a quantization of the speckle related pixels into levels that are determined by the
tissue echogenicity. The enhancement artefact is then detected in the quantized
image which is in turn used as a landmark to detect the carotid artery. The
carotid artery is used as a landmark to detect the remaining organs. All organs are
segmented by the application of region based local phase methods.
Method 3 : The speckle related pixels are classified into the respective echogenic
classes by the use of local phase based methods. The carotid artery and the trachea
are detected from the binary image containing the hypoechoic pixels as foreground
pixels. The pixels of the carotid artery and trachea along with the pixels that lie
in the region between them are used to train a random forests classifier to classify
the remaining pixels that belong to the hyperechoic tissue into the thyroid gland
and background pixels.
 The application of the proposed methods to perform guided interventions, volumetric analysis and computer aided diagnosis.

1.5

Organization of the thesis

The rest of the thesis is organized as follows:
Chapter 2 contains the background information necessary to understand the methods
proposed in Chapters 4 and 5. This chapter also contains an in-depth review of stateof-the-art methods proposed to segment the thyroid gland and the carotid artery. The
importance of speckle related pixels for tissue characterization and imaging artefacts for
anatomical landmarks is discussed in this chapter.
Chapter 3 contains the details regarding the datasets and validation protocol used in
our experiments. The novel preprocessing algorithm to automatically remove annotations
10
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from ultrasound images is described in this chapter. State-of-the-art methods proposed
to segment the thyroid gland and the carotid artery described in Chapter 2 are compared
with each other using a multitude of metrics that determine the quality of segmentation
results.
Chapter 4 will describe the unsupervised methods proposed to perform MODS using speckle related pixels and imaging artefacts for tissue characterization and organ
detection, respectively.
Chapter 5 will describe the semi-supervised method for MODS in 2D ultrasound
images.
Chapter 6 will describe the applications of the proposed MODS methods to perform
volumetric analysis and guided interventions using 2D ultrasound images of the thyroid
gland. Possible future works of this research are also discussed in this chapter.

11
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Background
In this chapter we introduce the concepts related to ultrasound image formation.
The motivations to use speckles and imaging artefacts for tissue characterization and
anatomical landmark detection are discussed in this chapter. Further, a review of the
state-of-the-art detection and segmentation algorithms proposed for ultrasound images
of the thyroid gland is also undertaken in this chapter. The importance of treating ultrasound images as monogenic signals and its application to perform tissue characterization
is discussed at the end of the chapter.

2.1

Basics of ultrasound imaging

Ultrasound imaging deals with forming a brightness image of the echo that is scattered
back from a tissue when an ultrasound wave is incident on it. A typical ultrasound
imaging device has the following five functional blocks [30]: (a) Pulser; (b) Transducer;
(c) Beamformer; (d) Signal Processor; (e) Display Processor and (f) Display Unit; as
shown in the block diagram of Figure 2.1.

Figure 2.1: Block diagram of an Ultrasound Imaging System
The pulser block is responsible for activating a short burst of electric pulses at a
centre frequency of about 2-10 MHz . The transducer then converts the input electric
energy into a compression wave. Transducers can be one of the following types: (a)
single element piston type; (b) multi-element annular type; (c) phased array; (d) linear
array; and (e) curvature array type. State-of-the-art ultrasound scanners use linear or
phased array transducers in 1D or 2D configuration to obtain a 2D image or 3D volume.
The aperture of the transducer is additionally provided with a focussing unit to direct
the ultrasound wave emitted by the transducer. The transducer is usually made of a
piezoelectric material with a plastic covering. The depth to which an ultrasound wave
12
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can penetrate is dependent on the frequency of operation. The higher the frequency of
the transmitted ultrasound wave, the lower is the penetration depth. Ultrasound waves
also undergo an exponential attenuation with increasing depth [31]. So the frequency of
the transmit pulse has to be adjusted depending on the depth of the anatomic structure
of interest under the probe. Often the transducers have a limit on the transmit frequency
and if the depth of the organ is beyond the range of the transducer, another transducer
with the desired range is used for scanning purposes.
While the pulser and transducer blocks of Figure 2.1 form the transmitter part of an
ultrasound imaging system, the rest, except for the beamformer, are a part of the receiver system. The beamformer is responsible for focussing and steering the ultrasound
wave during the transmit part of the imaging cycle and receive the backscattered echo
after certain time delay. The beamformer uses several Time Gain Compensation(TGC)
amplifiers and analogue to digital converters to receive the echo and reconstruct the signal. The received echo from the beamformer is then processed in the Signal Processing
unit where it is filtered, envelope detected and log compressed. The reconstructed echo is
rescaled according to the resolution of the display unit and suitable geometric corrections
are applied in the display processing unit before being displayed on the CRT/LCD monitor . An operator can enhance the quality of the images by varying the TGC gains, Field
of Views(FOV) , image compression parameters and envelope detection parameters.

2.1.1

Properties of Ultrasound Waves

Ultrasound waves undergo reflection, refraction, diffraction, scattering and absorption
as it passes through different media. When an ultrasound wave strikes a boundary that
is larger than its wavelength, it undergoes reflection. Depending on the velocity of the
wave at the boundary between the different media and based on the angle of incidence,
it undergoes refraction according to Snell’s law. On the other hand, when an ultrasound
wave encounters physical structures that are of a size comparable to its wavelength, it
undergoes scattering. When the cells in a soft tissue are hit by an ultrasound wave,
they gain energy and act as independent sources of ultrasound waves and scatter it
in all directions. Such cells in the soft tissue are called scatterers. The ultrasound
waves scattered by the scatterers undergo either constructive or destructive interference
depending on its phase. This results in an overall increase/decrease of ultrasound energy
that reaches back the receiver of the ultrasound machine. Fluid filled regions such as cysts
or blood vessels appear dark in an ultrasound image as they have almost no scatterers
present in it. The reflection and scattering of ultrasound waves are responsible for the
general appearance of tissues. The refraction and diffraction of ultrasound waves results
in the formation of artefacts in the image.

2.1.2

Tissue echogenicity

Echogenicity is defined as the ability of a tissue to reflect ultrasound waves. Echogenicity of a tissue directly translates to its brightness on the image. Referring to the ultrasound nomenclature in [32], a tissue being imaged by US is said to be: (1) Anechoic
13
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Figure 2.2: Echogenicity grading in an ultrasound image. Source: [32]
Tissue
Speed of sound (m/s)
Lung
600
Fat
1460
Aqueous humor
1510
Liver
1555
Blood
1560
Kidney
1565
Muscle
1600
Lens of eye
1620
Skull bone
4080
Table 2.1: Speed of sound in different tissues. Source: [34]
if it does not reflect any US waves; (2) Hypoechoic if it is less reflective compared to
the neighbouring tissue; (3) Hyperechoic if it is more reflective compared to the neighbouring tissue; or (4) Iso-Echoic if it is as reflective as another tissue. Echogenicity is
always defined with respect to the global brightness of a tissue, rather than the local
brightness [2,32,33]. A hyperechoic tissue appears brighter than a hypoechoic tissue and
iso-echoic tissues have the same brightness on a US image. Echogenicity as a grading of
gray levels from Anechoic to Hyperechoic is shown Figure 2.2.

14
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2.2

Speckle in ultrasound images

Ultrasound imaging is a coherent imaging modality, like that of lasers and the presence of speckles gives rise to the unique texture in US images. Speckle is defined as a
deterministic, random pattern that appears in an image due to the interference between
the ultrasound waves scattered by cells in a tissue that are of a size smaller than its wavelength. Modelling the statistics of speckles in ultrasound images has received a great deal
of attention in the last couple of decades [35–37]. A detailed account on the statistics
of speckles in ultrasound images can be found in [34] and [37]. While some argue that
speckles follow a Rician [38] or the K-Distributions [39], the Rayleigh distribution is the
widely accepted statistical model for fully developed speckles in ultrasound images [40].
The PDF of Rayleigh distribution for speckles is given by:
−f (t)2
f (t)
exp(
)
(2.1)
σ2
2σ 2
where, f (t) is the signal intensity at t and σ is the shape parameter. The Rayleigh
distribution can be employed to simulate speckles in an image by applying the convolution
model [40–42]. According to this model, given I(x, y) (echogenicity model for tissue
intensities) and Gaussian distributed white noise G(x, y) , the acoustic impedance at
(x, y) is given by:
ps (f (t), σ) =

T (x, y) = I(x, y) × G(x, y).

(2.2)

The RF echo detected by the beamformer is then derived as:
V (x, y) = h(x, y) ⊗ T (x, y),

(2.3)

where, ⊗ is the convolution operator and
h(x, y) = sin(k0 x) exp(−x2 /2σx2 ) exp(y 2 /2σy2 ).

(2.4)

Here, σx and σy respectively represent the pulse-width and beam-width of the transmitting ultrasound wave. For a centre frequency of f0 , k0 = 2πf0 /ν, where ν is the speed
of sound in a tissue. Table 2.1 lists the speed of sound in various tissues in the human
body [34]. The amplitude of the B-mode envelope detected echo is given by:
f (x, y) = |V (x, y) + j V̂ (x, y)|

(2.5)

where, V̂ (x, y) is the Hilbert transform of V (x, y).
Figure 2.3 shows f (x, y) generated with the following parameters: (a)σx = 10; (b)
σy = 15; (c) ν = 1560; and (d) f0 = 10MHz. The echogenicity model used to simulate
the speckle field has two regions R0 and R1 with pixel intensities equal to 0.2 and 1,
respectively. The intensity histograms of the corresponding pixels in f (x, y) are shown
in Figures 2.3(c) and 2.3(d). It can be seen from the figures that the pixel intensities
follow a Rayleigh distribution with its shape determined by σx and σy .
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(a)

(b)

(c)

(d)
Figure 2.3: Simulating speckles using the convolution model. (a) Echogenicity model
I(x, y) with two regions R0 and R1 having intensities 0.2 (in gray) and 1 (in
white), respectively; (b) B-mode amplitude image f (x, y); (c) Histogram of
pixel intensities in R0 of f (x, y); and (d) Histogram of pixel intensities in
R1 of f (x, y)
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2.2.1

Role of speckles in ultrasound image analysis

Speckles in ultrasound image is always treated as noise and in a majority of segmentation algorithms, a first step is to filter the image to remove speckle noise. A majority of
the filters are variants of the anisotropic diffusion filter [43]. One popular variant is the
Speckle Reducing Anisotropic Diffusion(SRAD) filter introduced by Yu and Acton [42].
The wavelet diffusion filter [44] is another variant of the anisotropic diffusion filter which
clubs wavelet decomposition with anisotropic diffusion to remove speckle noise. The
Rayleigh-trimmed anisotropic filter [45] makes use of the statistical distribution of the
speckles to despeckle the images. Eva et al., [46] propose yet another variant called gradient anisotropic diffusion filter to remove speckle noise from the images. Chinrungrueng
and Suvichakorn [47] propose a modification of the Savitzky-Golay filter to eliminate
speckle noise from ultrasound images. Apart from variants of anisotropic diffusion filters, wavelets [48] and adaptive weighted median filters [49] have also been used to filter
ultrasound images to remove speckle noise. The gradient anisotropic diffusion filters and
adaptive weighted median have been used to remove speckle noise in ultrasound images
of the thyroid gland [46, 50].

2.2.2

Speckles for tissue characterization

Speckles appear as a direct consequence of the interaction between the scatterers in
a tissue and the ultrasound waves incident on them. Therefore speckles in an ultrasound
image are an embodiment of the tissue echogenicity. Thus, it would be inappropriate to
treat speckles as noise and filter the ultrasound images to remove speckles.
Looking at the histograms in Figure 2.3(c) and 2.3(d), it can be seen that the peaks
of the distributions in the two echogenic regions are well separated. This suggests that
the pixels associated with speckles can be easily classified into their respective echogenic
regions when the parameters of the distributions are known. This is the idea behind
the Rayleigh Mixture Model proposed by Seabra et al. [51], to categorize plaques in
ultrasound images. However, determining the parameters of the mixture model is a
cumbersome task. In this research work, we explore unsupervised methods to classify
the speckle related pixels into the respective echogenic regions for tissue categorization.

2.3

Artefacts in ultrasound images

In order to reconstruct the image at the beamformer it is assumed that: (a) the
ultrasound wave travels in a straight line; (b) the tissue through which the wave travels
is homogeneous; and(c) the velocity of the wave remains constant in the tissue. Artefacts
are formed in an ultrasound image when these assumptions are not met [52]. The physics
involved with the formation of imaging artefacts and its significance as a landmark to
detect anatomical structures are discussed in this section.
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(a)

(b)

(c)

(d)

Figure 2.4: Artefacts in an ultrasound image. (a) Enhancement artefact; (b) Shadow
artefact; (c) Reverberation artefact; and (d) Comet-tail artefact.

2.3.1

Formation

As an ultrasound wave travels through a tissue, a part of its energy is absorbed and
dissipated as heat. Absorption of waves increases exponentially with depth. Thus the
intensity of the received echo decreases with increasing depth. In order to compensate
for the absorption loss, the TGC amplifiers are used at the beamformer to amplify the
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echos emanating from deeper levels. The absorption loss at a given depth is estimated
based on the assumption that the tissue is homogeneous i.e., the echogenicity of the
tissue remains constant between the transducer and the maximum depth permitted by
the frequency of operation. Based on this assumption, the gains of the amplifier are fixed
for a given depth. But at times when there is an anechoic structure present close to the
transducer, the waves do not get absorbed at that depth and the energy gets transferred
to the tissue underneath it. Under such circumstances, the intensity of the back scattered
echo reaching the receiver is higher than anticipated. Subsequent amplification of the
high intensity echo will result in the region directly below the anechoic structure to
appear brighter than expected. Such regions of increased brightness under an anechoic
or a hypoechoic structure is called an enhancement artefact. Enhancement artefacts
are typically present under blood vessels in an ultrasound image. Figure 2.4(a) shows
an enhancement artefact underneath the carotid artery in an ultrasound image of the
thyroid gland.
Another artefact commonly found in ultrasound images is the shadow artefact. This
type of artefact occurs when there is a hyperechoic tissue close to the transducer. In this
case, the waves incident on the tissue get reflected back to the transducer. Reconstruction
of the envelope detected echo will result in a shadow underneath the tissue which obscures
other tissues below it. Shadow artefacts are also known to occur due to refraction of waves
by a hypoechoic tissue. Figure 2.4(b) shows a shadow artefact under the hyperechoic fatty
tissue in the ultrasound image.
Artefacts are also known to occur in an ultrasound image when there is a high
impedance mismatch between the media through which the wave travels. The occurrence
of reverberation artefacts and comet tail artefacts are associated with this phenomenon.
When there is a high impedance mismatch between two media, the ultrasound wave
reflected from the posterior boundary of the media gets reflected back into the same media upon return to the anterior boundary. This process repeats until there are no more
reflections. The energy of the wave decreases with each reflection and there is a delay
between the two reflections. This delayed reflection is interpreted as an echo appearing
from a deeper region and is reconstructed as a ghost image under the reconstruction of
the previous echo. This type of artefact appears as equidistant hyperechoic bands in an
ultrasound image. These are termed as reverberation artefacts. Reverberation artefacts,
when they take on a tapering shape are termed as comet-tail artefacts. Figures 2.4(c)
and 2.4(d) shows reverberation and comet-tail artefact, respectively, inside the trachea
in an ultrasound image of the thyroid gland

2.3.2

Role of artefacts in ultrasound image analysis

Similar to speckles, artefacts are considered as noise when performing ultrasound
image analysis. One of the early attempts to automatically identify and remove artefacts
was by Bylund et al., [54] where the reverberation artefact is assumed to be additive noise
that is uncorrelated to the uncorrupted signal. Removal of the reverberation artefact is
done on the In phase Quadrature (IQ) demodulated RF data at the beamformer. The
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(a)

(b)

Figure 2.5: Automatic reverberation removal in an ultrasound image [53]. (a). Input
image with reverberation artefact; and (b). Image after the removal of
reverberation artefact
authors implement an optimized Wiener filter to remove reverberation artefacts. Tay et
al., [55] use wavelet decomposition on IQ data to remove reverberation artefacts. Here
the IQ data is modelled as a sum of the artefact signal, the actual reflected wave and an
additive zero-mean white Gaussian noise component. Win et al., [53] follow a different
approach to identify and suppress the reverberation artefacts. The authors model the
time of flight between successive echo to detect reverberation artefact. The regions
corresponding to reverberation artefacts are replaced by the data that correlates well
with the envelope detected signal of the adjacent echos. Figure 2.5 shows the results of
reverberation artefact removal in a synthetic image by this method.

2.3.3

Artefacts as anatomical landmarks

From the discussion in Section 2.3.1, it can be inferred that the enhancement artefact
and the shadow artefact are embodiments of the tissue directly above it. With respect
to the ultrasound images of the thyroid gland, an enhancement artefact is always present
under the carotid artery [2,33]. The goal of this research work is to use the enhancement
artefact as a landmark to detect the carotid artery in freehand 2D ultrasound image
acquisitions of the thyroid gland.

2.4

Local phase in ultrasound images

In this section we demonstrate the relationship between the local phase of an ultrasound image and its echogenicity. The local phase of a signal and its spatial position are
equivariant and it is invariant to the signal energy. This property of local phase is called
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the split of identity and is a desirable feature for low level computer vision tasks such
as detecting lines or edges in images [56]. An in depth analysis of local phase and its
importance can be found in [57] and [58]. The concepts of local phase and its derivation
from the analytic signal described in [57] are summarized in the next Section.

2.4.1

The analytic signal in 1D

The analytic function of a signal f (t), t ∈ R, is given by:
f (t)A = f (t) − if (t)H ,

(2.6)

where f (t)H is the Hilbert transform of f (t). The argument, argf (t)A , of the analytic
signal represents the local phase, φ(t) of the signal. The phase of a signal provides
information regarding the state of the signal in a local neighbourhood. In general, at any
given instant t0 , the signal f (t) is (i) maximum at t0 if φ(t0 ) = 2πk; (ii) close to zero
at t0 and monotonically increasing from negative to positive value if φ(t0 ) = π2 + 2πk;
(iii) close to zero at t0 and monotonically decreasing from positive to negative value if
φ(t0 ) = − π2 + 2πk; and (iv) minimum at t0 if φ(t0 ) = π + 2πk. This property of local
phase is used to determine the presence of lines and edges in a signal by convolving it
with the appropriate line or edge filters.
An ideal line filter in time domain is given by:
hL (t) = −δ(t + 1) + 2δ(t) − δ(t − 1).

(2.7)

Its Fourier Transform is given by:
HL (u) = 1 − 2 cos(u),

(2.8)

where, u is the angular frequency in radians. The line filter is related to the edge filter
by the relation:

−iHL (u) u < 0
HE (u) =
.
(2.9)
 iHL (u) u ≥ 0
The analytic filter consisting of both edge and line filters is expressed in complex form
as:
h(t) = hL (t) − ihE (t)
(2.10)
Analytic filters that satisfy Eq.(2.9) and Eq.(2.10) are called quadrature filters. Convolving the input signal f (t) with the analytic filter of Eq.(2.10) is the same as convolving
the analytic signal fA (t) of Eq.(2.6) with the real part of the analytic filter, i.e.,
f (t) ⊗ h(t) = fA (t) ⊗ Re{h(t)},

(2.11)

where, ⊗ refers to the convolution operator.
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The line filter of Eq.(2.7) has a frequency higher than the spectrum of natural signals. Such filters are convolved with a Gaussian of the required bandwidth to fit its
frequency in the spectrum of the signal. A natural signal may have lines and edges at
different frequencies which leads to the need for the quadrature filter to be tuned at
different bandwidths depending upon the spectrum of the signal. An alternate approach
in computer vision is to rescale the signal (image) to a higher or lower resolution using
the concept of image pyramids and apply a quadrature filter of a given bandwidth to the
rescaled signal.

2.4.2

Quadrature band-pass filters and phase stability

Quadrature filters are essential to estimate the local phase in a signal as discussed in
the previous sub-section. There are a number of quadrature filters proposed in literature
for phase estimation. A comparative analysis of some of these can be found in [59].
For the sake of completeness, Table 3 in [59] that contains the equations of different
quadrature filters along with its properties has been reproduced in Table 2.2. Quadrature
filters designed to detect lines and edges should be insensitive to the DC component of
the signal. Looking at the equations for the filters in Table 2.2, it can be observed that
the Gabor filter and the Difference of Gaussians (DoG) filter has a non-zero DC value
and are thus poor choices for filters to detect lines and edges in signals.
Other than the requirement for the quadrature filter to have zero DC value, the
stability of phase in scale-space also affects the choice of the filter for phase estimation.
The robustness of phase information can be studied by drawing phase diagrams that
contain the response of the filters at high frequency (low scale) at the bottom of the
image and low frequency (high scale) at the top of the image. A quadrature filter can be
considered to be completely stable if it contains vertical lines only in the phase diagram
[57]. The filters in [59] are compared based on their phase stability. It was shown that the
family of filters similar to the Sarkar and Boyer’s filter are optimal to detect edges and
lines in images while the zero DC corrected Gabor filters are a good choice to measure
image velocity. A similar study was undertaken in [60] to choose the filters for measuring
image velocity and binocular disparity.
It was shown in [57] that the scaling of a signal to estimate the local phase results un
an unpredictable behaviour at singular points i.e., the points where the analytic signal
goes through the origin of the complex plane. This unwanted behaviour of phase can be
avoided by selecting filters that are stable across all scales i.e., by using scale invariant
filters for phase estimation. One such filter is proposed in [61] for local phase estimation
in 2D signals.

2.4.3

The monogenic signal and local phase in 2D signals

We have so far discussed the local phase estimation in 1D signals by making use of
quadrature filters and the 1D analytic signal. Extension of the same to 2D signals is not
simple as the phase estimation methods for 1D signals do not take into consideration
the orientation of the signal with respect to the axes. In the case of 2D signals, the
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Analytic function does not exist. It can however be numerically approximated. Refer to [59]
for more details.

Table 2.2: List of quadrature filters along with its equations and properties.
local phase can be estimated by using steerable filters [62]. This approach is however not
isotropic i.e., the energy of the signal will not remain constant when the orientation of
the signal is changed and hence the split of identity property of the analytic signal is not
satisfied. Felsberg and Sommer [56] proposed an analytic signal that retains the split of
identity property in 2D by making use of Riesz transform which is a 2D generalization
of the Hilbert transform. This analytic signal in 2D is called the monogenic signal. The
algebra of quaternions is used to define a monogenic signal. The spatial location or the
co-ordinates, (x, y) ∈ R (∈ Z for images), of a 2D signal is denoted by the row vector x
for the sake of simplicity. A monogenic signal is given by:
fM (x) = fb (x) − (i, j)fR (x)

(2.12)

where, fb (x) is the signal band-limited by using any of the quadrature filters mentioned
in Section 2.4.2 and fR (x) is signal fb (x) after applying Riesz transform. The Riesz
transformed signal is obtained by convolving fb (x) with the following two anti-symmetric
filters:
h1 (x) =

−x
2π(x2

+

3

y2) 2

and h2 (x) =

−y
2π(x2

3

+ y2) 2

.

(2.13)
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Figure 2.6: Local phase in organs present in the ultrasound image of Figure 1.3. (a)
Percentage of pixels with positive local phase; and (b) Percentage of pixels
with negative local phase.
The transformed signal is given by:
fR (x, y) =

p
(h1 (x) ⊗ fb (x))2 + (h2 (x) ⊗ fb (x))2 .

The local phase of the signal is then estimated as:


fR (x))
−1
φ(x, y) = tan
fb (x))

2.4.4

(2.14)

(2.15)

Echogenicity and local phase

While local phase is a popular feature to detect lines and edges in an image, it is
used to describe regions in this research work. The box plots of local phase in each
organ of Figure 1.3 is shown in Figure 2.6. From the plots it can be observed that the
pixels corresponding to the carotid artery, muscles and trachea have negative local phase
and those corresponding to the thyroid gland have positive local phase. The regions
corresponding to hyperechoic tissues can be separated from the regions corresponding to
the hypoechoic tissues by thresholding the local phase. This concept is used in Chapters
4 and 5 to perform MODS in ultrasound images.
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2.5

Ultrasound image segmentation

Ultrasound image segmentation has been a hot topic of research for over two decades.
Attempts at segmenting ultrasound images can be dated back to the early 80’s when US
imaging had just started to gain importance as a diagnostic device in a clinical setting.
Since then, there have been tens of thousands of papers published on ultrasound image
segmentation. A good insight into the sheer magnitude of research that has gone into
this field can be found in a survey on US image segmentation algorithms by Noble and
Boukerroui [63], and that was just until the year 2005. Eleven years have elapsed and
the interest in the field has not lost its momentum yet. This can be attributed to the
ever changing ultrasound imaging technology. The advances in transducer technology,
beam forming technology etc., have led to the introduction of 2D+T, 3D and 3D+T US
image acquisition systems along with improvements made to the baseline 2D US imaging
system. It is this advance in imaging technology that necessitates the need to upgrade
the segmentation algorithms to keep up with the technological growth.
US image segmentation algorithms can be categorized according to the clinical need
that is being addressed like segmenting the ventricular boundaries in an Echocardiogram [64], segmenting lesions in the Breast [65], segmenting tumour in the Liver [66],
segmenting the Prostate gland [67] or segmenting the Thyroid gland [49] and many more.
Another way of categorization can be based on the underlying principle used to segment
the images. Sonka et al., [68] outline the following five basic principles for generic image
segmentation: (a). Mean Shift; (b). Geometric Deformable Models (GDM); (c). Graph
based model (GBM); (d). Fuzzy connectivity; and (e) Optimal Single and Multiple Surface Segmentation. A detailed description of each of the basic principles can be found
in [68].
A non-exhaustive list of the research work carried out from 2006 to 2016 in the domain
of medical imaging is provided in Table 2.3. The list categorized according to the basic
principle employed and the organ of interest. The focus here is on the organs that can be
simultaneously be scanned by the three most popular imaging modalities: CT, MRI and
Ultrasound. Accordingly the following organs are considered: Breast, Heart (Cardiac),
Thyroid, Liver, Kidneys, Foetus, Pelvis and Prostate. In addition to US imaging, CT
and MRI are also included in this study to highlight the invariance of the basic principles
to the modality of imaging. From the table it is evident that Level Sets (of GDM) and
Graph Cuts (of GBM) are the two most preferred algorithms to segment any organ of
any modality. Both are semi-automatic methods that require manual initializations in
the form of initial contours (Level Sets) or seed points for the foreground and background
(Graph Cut) pixels to carry out the segmentation.
The shortcomings of the Level Set based methods such as that employed in [78] and
graph cut based algorithms such as that used in [105] is that they are only effective
in a single organ segmentation scenario. Unless the algorithms are re-initialized with a
different set of initial contours (level sets) or seed points (graph cuts) for different organs,
these methods cannot be employed in a multi-organ segmentation framework. The GDM
and GBM based algorithms are inherently iterative algorithms that employ some form
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Table 2.3: Ultrasound image segmentation algorithms categorized according to the basic principle used.

GDM = Geometric Deformable Model; LS = Level Set; GAC = Geodesic Active Contours; GBM = Graph Based
Model; NC = Normalized Cut; GC = Graph Cut; CT = Computed Tomography; MRI = Magnetic Resonance
Imaging; and US = Ultrasound.
B = Breast; C = Cardiac; T = Thyroid; L = Liver; K = Kidney; F = Foetus; Pl = Pelvis; and Pr = Prostate.
Xindicates that there is at least one algorithm based on a particular basic principle for the corresponding organ
of interest.
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Figure 2.7: Workflow of segmentation algorithms proposed for ultrasound images of the
thyroid gland.
of an energy/error minimization constraint to converge to the optimal segmentation at
every iteration. Thus, re-initializing these algorithms for multi-organ segmentation will
be computationally expensive.
Returning to the list in Table 2.3, it can be seen that [46,78,81,94–96,98] are the only
works related to segmenting the ultrasound images of the thyroid gland and conforming
to the basic principles outlined in [68]. The rest are either for CT/MRI or for organs other
than the thyroid gland. It can also be observed that except for GDM based methods,
other basic principles are not employed for US images of the thyroid gland. The graph
based methods in [114] and [115] are for CT volumes of the head and neck. However, there
are algorithms proposed in literature that employ methods other than the basic principles
previously listed to segment US images of the thyroid gland. These are discussed in detail
in Sec.2.5.1.

2.5.1

Segmentation in ultrasound images of the thyroid gland

The workflow employed by a majority of segmentation algorithms devised for ultrasound images of the thyroid gland is illustrated in Figure 2.7. Given an input image,
it is first preprocessed to remove speckles and imaging artefacts by methods listed in
Sections 2.2.1 and 2.3.2, respectively. Segmentation algorithms are then applied on the
preprocessed images to segment the thyroid gland or the carotid artery for volumetric
analysis or guided interventions. The segmentation results are post-processed to remove
segmentation leaks and the results are displayed for further analysis by the doctors. The
various methods proposed to segment the ultrasound images of the thyroid gland and
the workflow followed by each of the algorithms is discussed in this section. These are
categorized according to their application being: (a) for volumetric analysis; or (b) for
guided interventions.
2.5.1.1

For volumetric analysis

To date there have been three attempts to segment the thyroid gland for volumetric
analysis. The first of the three attempts was by Kolloez et al. [46] where the segmentation
is performed on 3D ultrasound volumes of the thyroid gland. The input volumes are first
preprocessed by curvature flow filters to remove speckle noise. Geodesic active contours
are then employed to segment the thyroid gland. The dimensions of the thyroid gland are
then estimated from the segmentation results and the ellipsoid method (refer to Section
1.2.1.1 for details) is used to determine the volume of the thyroid gland. The volume
estimates are compared to the manual volume determined from CT scans. The authors
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(a)

(b)

Figure 2.8: Results of filtering an ultrasound image by the adaptive weighted median
filter (AWMF) with a neighbourhood of size 9 × 9 pixels. (a) Input image;
and (b) Results of filtering by AWMF.
note that the thyroid volumes estimated from the ultrasound volume are an underestimate
of the actual thyroid volume. The algorithm is semi-automatic as it requires manual
initializations to segment the thyroid gland.
The remaining two methods proposed by Chang et al. [50] and Garg et al. [133],
are supervised segmentation algorithms to segment the thyroid gland in 2D ultrasound
images. Both methods differ only in the classifier used to segment the gland. In both
methods, the ultrasound images are first pre-processed by the application of the adaptive
median filter (AWMF) to remove speckle noise. Figure 2.8 shows the results of applying
AWMF on an ultrasound image of the thyroid gland. A sliding window is then used
to extract texture based features such as: (a) Co-efficient of Local Variation; (b) Block
Difference of Inverse Probabilities; (c) Normalized Multi-Scale Intensity Difference;(d)
Haar wavelet based features; and (e) histogram features from the preprocessed image.
The features are used to train a radial basis function neural networks classifier (feed
forward neural networks in [133]) to classify the pixels in the image into the thyroid and
the non-thyroid classes. The pixels labelled as the thyroid gland are set as foreground
pixels in the segmented image. The segmented image is post-processed by the application
of morphological operations to remove false positive results. As before, the dimensions
of the thyroid gland are estimated from the segmentation results. These are used to
calculate the surface area of the thyroid gland which is then used to estimate the volume
of the gland by the following equation:
V = a × (AL × DL + AR × DR ) + b

(2.16)
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(b)

(c)

(d)

(e)

(a)

Figure 2.9: Results of segmenting the transverse scan of the thyroid gland by the
method of [49] when: (b-c) the training class for the negative class includes
pixels of the carotid only; and (d-e) the training class for the negative
class includes pixels of both the carotid and muscles. (b,d) Results before
post-processing; and (c,e) Results after post-processing.
where, AL and AR correspond to the surface areas of the left and right thyroid lobes,
respectively, under the longitudinal scan and DL and DR correspond to the maximum
depth of the gland in the right and left lobes, respectively, under the transverse scan.
The parameters a and b are estimated by the Particle Swarm Optimization (PSO) using
the fitness function:
F itness = [a × (AL × DL + AR × DR ) + b] − VCT .

(2.17)

The volume of the thyroid gland VCT is estimated manually on a CT scan by the
planimetry method 1.2.1.2.
Supervised segmentation algorithms require training samples of the positive class and
negative class to train the classifiers. Often, the training samples for the positive class is
derived from the ground truth labellings provided by experts and that of negative samples
are randomly chosen from regions in the image that do not correspond to the positive
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training samples in the training images. Since the negative class is not specific, the
sensitivity of the algorithm to detect the negative samples in the test set will decrease.
This is illustrated in Figure 2.9, where the segmentation algorithm of [50] results in
two different segmentations when two different sets of training samples are used for the
negative class. It can also be seen that this method tends to over segment the thyroid
gland even after applying post-processing methods to prevent segmentation leaks. The
performance of the supervised algorithms is subject to the quality of the training datasets
and is in turn dependent on the inter-observer variability of the ground truth labellings.
The nature of the features also dictate the performance of the segmentation algorithms.
Since the features used in [50] and [133] are based on the intensity of the pixels, the
algorithms are sensitive to the changes in the pixel intensity when the TGC is changed.
2.5.1.2

For guided interventions

Segmentation methods in the field of guided interventions mainly focus on segmenting
and tracking the common carotid artery in 2D and 2D+T US images. A majority of
the methods are variants of the star algorithm proposed by Friedland et al. [134] to
detect and track ventricular cavity boundaries in 2D+t US images. In this method the
ventricular cavity is modelled as an ellipse whose parameters are estimated by applying
Hough 1D transform on edge pixels along pre-defined radial lines emanating from a seed
point. A simple gradient based edge detector is used in this method to obtain the edge
pixels. Abolmaesumi et al. [135] model the carotid as an ellipse and estimate the radius
of the ellipse along each radial line using the Kalman filter. Guerrero et al. [136] use
the parametric form of an ellipse to model the carotid artery and estimate the ellipse
parameters using the extended Kalman filter. The methods in [135] and [136] are called
the star Kalman and the star extended Kalman algorithms, respectively. The spokes
ellipse algorithm proposed by Wang et al. [137] segments the carotid artery in 2D US
images by fitting an ellipse using least squares to the edge pixels obtained using an
edge function similar to [134]. The techniques described so far to segment the carotid
artery are semi-automatic algorithms that require manual initializations in the form of
seed points provided by expert sonographers. Figure 2.10 shows the results of applying
the aforementioned algorithms on an ultrasound image of the thyroid gland. It can be
observed that except for the Star Extended Kalman algorithm, the rest either undersegment or over-segment the carotid artery.

2.6

Summary

 The properties of ultrasound waves to undergo reflection and scattering are responsible for the tissue echogenicity in an ultrasound image. Whereas the properties of
interference, diffraction and refraction result in the formation of imaging artefacts
in ultrasound images.
 Speckles and imaging artefacts are embodiments of tissue echogenicity and can re-
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(a)

(b)

(c)

(d)

Figure 2.10: Results of carotid segmentation by existing methods where the pixels in
red belong to the segmented carotid and pixels in green belong to the
boundary marked by a sonographer. (a) Star algorithm. (b) Star Kalman
algorithm. (c) Star Extended Kalman algorithm. and (d) Spokes ellipse
algorithm.
spectively be used to perform tissue characterization and detect anatomical structures of interest in an ultrasound image.
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 Local phase can be employed to differentiate between the hyperechoic and the
hypoechoic regions in an ultrasound image.
 Existing methods to segment the thyroid gland in 2D ultrasound images are not
generic in terms of its applicability to images acquired from different ultrasound
imaging devices. Thus there is a definite need for unsupervised segmentation algorithms for the ultrasound images of the thyroid gland that perform well on multivendor datasets.
 Methods proposed to segment the carotid artery are semi-supervised algorithms.
The shape of the carotid artery is approximated to be an ellipse whose parameters
are estimated by the application of Kalman filters or 1D Hough transform. Except
for the Star extended Kalman algorithm, the rest under-segment or over-segment
the carotid artery.
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Chapter 3
Datasets, Pre-Processing and
Validation Protocol
3.1

Datasets

In clinical practice, the thyroid gland is scanned in two orthogonal planes. The images
in the two planes are called the transverse and longitudinal scans. In transverse scans,
the ultrasound probe is held horizontal and the gland is scanned from top to bottom. In
the longitudinal scan, the ultrasound probe is held vertical and the gland is scanned side
ways. Figure 3.1 shows the transverse and longitudinal ultrasound scans of the thyroid
gland along with the schematics that depict the probe positions.
To perform experiments, anonymized US images in B-mode were retrospectively collected from two hospitals:
 Set 1 (S1): Images in this set were acquired at the Tan Tock Seng Hospital, Singapore, using Hitachi HI Vision Avius Ultrasound equipped with an L75 5-18MHz
probe. All images have a resolution M × N equal to 768 × 1024.
 Set 2 (S2): Images in this set were acquired at Mt. Elizabeth Hospital, Singapore,
using GE Logiq Ultrasound equipped with L6-12-RC probe. The images have a
resolution M × N equal to 614 × 820 .
 Supervised Set (SS): This dataset consists of 24 images (15 transverse and 9 longitudinal) to train and 16 images (11 transverse and 5 longitudinal) to test supervised
learning-based segmentation algorithms. Of the 15 training images in transverse
scan 12 are from Set 1 and 3 are from Set 2. All images (train and test) in the
longitudinal scan are from Set 1.
 Public Dataset (PD): This is a publicly available dataset1 that is used to test the
performance of the proposed methods to detect, segment and track the common
carotid artery. The dataset consists of images acquired using Ultrasnix and Toshiba
ultrasound machines [138].
1

http://splab.cz/en/research/zpracovani-medicinskych-signalu/databaze/artery
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(a)

(b)

Figure 3.1: Transverse (a) and longitudinal (b) ultrasound scan of the thyroid gland.
 Pre-processing Dataset (PPD): This dataset is used to test the annotation removal
algorithm that shall be described in the sections to follow. Images in this dataset
are of thyroid gland with abnormalities. The position and type of abnormality is
annotated in the image and therefore act as ideal candidates to test the annotation
removal algorithm. The images were acquired at the Tan Tock Seng Hospital,
Singapore, using Hitachi HI Vision Avius Ultrasound equipped with an L75 518MHz probe.

The details of the datasets are provided in Table 3.1. The datasets consist of a mix of
images that are of the right or left lobes of the thyroid gland. The images were acquired
at the mid or lower pole with the patient in supine position. Images that were affected by
abnormalities leading to organ occlusion are excluded from the studies involving multiorgan segmentation. All images were acquired at a centre frequency of 10 MHz. Since
the datasets were retrospectively collected, the Time Gain Compensation (TGC) setting
used during imaging is unknown.
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Dataset
S1
S2
SS
PD
PPD

Patients\
Volunteers
6\6
10\-\17\28\-

# Images

TS

LS

GT

34
18
40
971
28

20
18
26
971
28

14
14
-

34
6
40
971
NA

FOV
Resolution
511 × 510
450 × 432
S1 & S2
511 × 510

Pixel
size (mm)
0.0741
0.0893
S1 & S2
0.0741

S1 = Set 1. S2 = Set 2. SS = Supervised Set. PD = Public Database.
PPD = Pre-Processing Database. TS = Transverse Scan. LS = Longitudinal Scan. GT = Ground Truth. FOV = Field of View. mm =
Millimetres. NA = Not Applicable.
Table 3.1: Details of datasets used in experiments
Figure 3.2 shows one image from each database that is listed above. The region in the
middle of the images in Figure 3.2 (a)-(c), where the tissue/organ is visible, is termed as
the Field-of-View (FOV) of an ultrasound image. The region around the FOV contains
the image acquisition settings and details regarding any observation that is made within
the FOV of the image. All processing happens within the FOV of the image. The method
to extract the FOV for ultrasound image analysis is described in Section 3.3.1.1.

3.1.1

Ground Truth (GT)

Two expert Otorhinolaryngologists who are also trained sonographers at Tan Tock
Seng Hospital, Singapore, were asked to manually delineate the organs (Muscles, trachea,
thyroid and carotid) using the ITK-SNAP software [139]. The polygon tool provided in
the software is used to segment the organs of interest (thyroid, carotid artery, muscles
and the trachea). Figure 3.3 shows the process of manually segmenting the organs using
the ITK-Snap software.

3.2

Annotations in ultrasound images

Often, the thyroid gland is scanned by a trained sonographer who then sends the
images to a doctor (Otorhinolaryngologist \ Ear, Nose and Throat (ENT) specialist)
to make a diagnosis. The sonographers annotate the images to provide information
regarding the scan to the doctors who are physically not present during the procedure.
Figure 3.4 shows a US image with annotations. The sonographer has marked ”LT LOBE
TS” and ”CYST” to indicate that the image is that of the left lobe of the thyroid gland
in the transverse scan which has a cyst of width 11.0 mm and depth of 6.8 mm. The
extremities of the cyst are highlighted with the help of markers that resembles a ”+”
symbol.
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(a)

(b)

(c)

(d)

Figure 3.2: Sample images from the datasets used in the research work. (a) S1- Transverse;(b) S1- Longitudinal;(c) S2- Transverse; and (d) PD

3.3

Pre-processing for annotation removal

While annotations in US images help a doctor in making a diagnosis, it adversely
affects the automatic methods that are designed to analyse the images. Looking at Fig.
3.4, it can be seen that the annotations obscure the boundaries of tissues where it is
present. Application of gradient based boundary detectors [140, 141] to the images with
annotation will result in its edges being detected as a part of the boundary that belongs
to a tissue. As an example, the application of the Canny edge detector to Fig. 3.5(a)
results in Fig. 3.5 (b) that shows edge pixels in soft tissue region where there should
have been none if it weren’t for the annotations. It can also be observed from Fig.
3.5(b) that the boundary of the cyst is deformed by the annotations. Such an effect
is undesirable for computer aided diagnosis algorithms such as [142] that rely on the
accurate representation of the boundary of the abnormality to assess the malignancy risk
associated with it.
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(a)

(b)

(c)

(d)

Figure 3.3: Example of using ITK-Snap to manually segment organs in ultrasound
images. (a) ITK Snap GUI with input US image in the transverse scan;(b)
Manually marked boundary of the thyroid gland (in pink);(c) Manually
segmented organs (red - thyroid; green - carotid; blue - muscles; and yellow
- trachea); and (d) Manual segmentation mask in gray scale.
The purpose of an ultrasound image analysis algorithm is for it to be used by a doctor
as a second opinion to affirm the diagnosis s/he makes. It goes without saying that the
images that are to be analysed will be annotated by a trained sonographer unless a doctor
is physically present at the time of scanning. In this section, an annotation removal
algorithm is proposed to detect and remove the annotations and restore the annotation
removed image the image without annotations.
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Figure 3.4: 2D ultrasound image of the thyroid gland in transverse scan with annotations.

(a)

(b)

Figure 3.5: Results of applying Canny edge detector to the Field of View (FOV) in the
image of Fig. 3.4. (a) The FOV. (b) Edge map.
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Figure 3.6: Flow diagram of the annotation removal algorithm

Figure 3.7: Input 2D Ultrasound Image f (x, y) of the thyroid gland with annotations.

3.3.1

Annotation Removal

Figure 3.6 shows the flow diagram of the annotation removal algorithm. The first
stage in the algorithm is to determine the intensities of the annotations in the FOV and
to remove the artefacts.
3.3.1.1

Extracting the FOV

The FOV is the is the largest component in the input US image. Denoting the input
US image by f (x, y), a binary image b0 (x, y) is obtained by Eq.(3.1):
(
1
if f (x, y) > 0
b0 (x, y) =
.
(3.1)
0
otherwise
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Applying 2D connected components algorithm on the binary image b0 (x, y) results in a
labelled image s(x, y) with K components, given by
s(x, y) = l;

l ∈ [1, K].

(3.2)

Letting lmax to be the label of the component in s(x, y) with the maximum number
of pixels in it, we define a binary mask r(x, y) such that
(
1
if s(x, y) = lmax
r(x, y) =
.
(3.3)
0
otherwise
The image containing the FOV, fr (x, y) and its complement f¯r (x, y) are given by

3.3.1.2

fr (x, y) = f (x, y) × r(x, y)

(3.4)

f¯r (x, y) = f (x, y) − fr (x, y).

(3.5)

Estimating annotation intensity

Annotations in the FOV have the same intensity as the pixels in the regions surrounding the FOV. To determine the intensities of the annotation, the histogram of f¯r (x, y) is
obtained. The non-zero bins of the histogram represent the intensities of the annotation.
However, it should be noted that pixels in FOV that do not belong to the annotation may
also have intensities overlapping with it. In order to minimize the false categorization
of non-annotation pixels as belonging to annotations, the gray level range is empirically
divided into three sub-ranges. Assuming the gray level range of the input image to be
[0,255], the sub-ranges are empirically defined as [0,100], [101,200] and [200-255]. The
peaks of histogram in each of the three sub-ranges are determined to be the intensities
of the annotation.
3.3.1.3

Suppressing annotations

Let the intensity peaks in each of the three sub-ranges determined in Section 3.3.1.2
be represented by the set T given by
T = {T1 , T2 , T3 }.
The binary annotation mask ba (x, y) is defined as
(
1
if fr (x, y) ∈ T
ba (x, y) =
.
0
otherwise

(3.6)

(3.7)

The binary annotation mask is further subjected to dilation with a 3×3 structuring
element. Dilation is done so as to avoid discontinuities in the restored image.
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Figure 3.8: The Field of View (FOV) with annotations removed.
The image, g(x, y) with the artefacts removed is obtained by multiplying the FOV
fr (x, y) with b̄a (x, y), the complement of the binary artefact mask as given by Eq.(3.8):
g(x, y) = fr (x, y) · b̄a (x, y).

(3.8)

Figure 3.8 shows the FOV in Fig. 3.7, with the annotations removed using the method
described above. It can be seen that the annotations are completely removed from the
FOV. It can also be seen that a few pixels associated with soft tissue are also removed in
the process, but these are restored to a fair degree of accuracy by the restoration scheme
described in Section 3.3.2.

3.3.2

Image Restoration

Perhaps the most studied topic in image processing after enhancement of images is
that of image restoration. One way to restore the image is by the method of Convex
Projections or more commonly known as Projection onto Convex Sets (POCS) method
[143]. Hirani and Totsuka [144] apply the POCS algorithm to interactively remove noise
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Figure 3.9: Restored image f˜(x,y).
and restore the image. Ogawa and Haseyama [145] have used it to restore texture in
images with text matter embedded in it. Zhu et al. [146] treat the restoration of the
tampered images with watermarks as an irregular sampling problem and use POCS to
restore the tampered parts of the image. Santago and Link [147] make use of POCS to
restore Cardiac Magnetic Resonance Images that are affected by motion artefacts. In
order to restore the annotation removed pixels in our algorithm, an approach similar to
the one observed in [146] is used with a slight modification. A modified POCS based
approach using Block Discrete Cosine Transforms (BDCT) is used to restore the image.
In our method, the input image g(x, y) is divided into blocks of size B × B pixels
with a block overlap of B/2 pixels, B > 0. Block Discrete Cosine Transform (BDCT) is
applied to each block to obtain G(u, v). The first projection operator P1 is given by:
(
G(u, v)
if u − v < a; 1 < a < B
P1 f =
(3.9)
0
otherwise
where G(u, v) is the BDCT of g(x, y). Application of this projection operator, which is
essentially a low pass filter, band-limits the image block.
Let 4 denote the set of all pixels that were removed during the annotation removal
process. The second projecton operator P2 is given by:
(
f (x, y)
(x, y) ∈ 4
P2 f =
.
(3.10)
g(x, y)
(x, y) ∈
/4
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Figure 3.10: Screenshot of the online survey conducted to perform subjective analysis
of restoration quality.
The image is iteratively restored using the relation:
f (n+1) = P2 P1 f (n)

(3.11)

with
f (1) = P2 P1 g.
Figure 3.9 shows the restored image f˜(x, y).

3.4

(3.12)

Validation Protocol

The metrics used to: (a) validate the annotation removal algorithm and the MODS
algorithms of Chapter 4; and (b) assess the performance of existing segmentation algorithms are discussed in this section. The following notations are used to describe the
metrics:
 Input image: f (x)
 Image resolution: M × N
 Pixel co-ordinates: x = (x, y)
 Pixel indices: i, j ∈ [1, M N ]
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 Pixel set: X = xi
 Restored image: f˜(x)
 Number of experts: K
 Automatically segmented image: fa (x)
k
 Image segmented by the k th expert: fm
(x)

 Segmentation label at pixel i in fa (x): lia ∈ [0, L], L → Z
k
 Segmentation label at pixel i in fm
(x): limk ∈ [0, L], L → Z

 Segmentation label at pixel i in ψ th image of the dataset containing manual segmentations: limkψ ∈ [0, L], L → Z

3.4.1

Preprocessing algorithm

3.4.1.1

Qualitative analysis

A subjective analysis is performed to assess the quality of the restored image. An
online survey2 is prepared where the participants (clinicians and medical imaging researchers) are asked to give a rating on a scale of 1-5, indicating their opinion on the
quality of restoration. A score of 1 suggests that the participant strongly agrees that all
annotations are removed and a score of 5 suggests that a participant strongly disagrees
that the annotations are removed. Figure 3.10 shows a screen shot of the online survey
page.
3.4.1.2

Quantitative analysis

The Peak-Signal to Noise Ratio (PSNR) metric is used to quantify the performance
of the annotation removal algorithm. For an 8-bit gray scale US image, the PSNR of the
restored image is given by:




PSNR = 10 · log 


2

1
MN



2552


M
−1 NP
−1
P
[f (x) − f˜(x)]2 

(3.13)

x=0 y=0

https://sites.google.com/site/snikhilnarayan/survey-2
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3.4.2

Segmentation algorithms

The segmentation algorithms are qualitatively and quantitatively evaluated for performance using numerous metrics that shall be discussed in the next Section. While the
Qualitative metrics allow for the comparison of different algorithms, Quantitative metrics
measure the accuracy of the segmentation results with respect to the GT segmentations.
3.4.2.1

Qualitative analysis

There are four metrics to assess the quality of the segmented image. These are: (a)
the Probabilistic Rand Index (PRI) [148]; (b) the Global Consistency Error (GCE) [149];
(c) Variation of Information (VOI) [150]; and (d) Boundary Distance Error (BE) [151].
(i) PRI : Given K manual segmentations of image f (x) the PRI for a segmentation
algorithm is given by:
k
PRI(fa (x), fm
(x)) =

1
( M2N )

X
[I(lia = ljmk )pij
i,j
i6=j

(3.14)

+ I(lia 6= ljmk )(1 − pij )]
where, I is an indicator function and
pij =

K
1 X mk
[I(l = ljmk )].
K k=1 i

(3.15)

k
(x) and fa (x), k ∈ [1, K], representing the manually and automatically
with fm
segmented images, respectively. The results of a segmentation algorithm are considered to be of good quality if the PRI ∈ [0, 1] has a value that is close to one.

An extension to the PRI is the Normalized Probabilistic Rand (NPR) Index [152,
153]. The NPR Index is given by:
NPR =

PRI − expected index
.
1 − expected index

(3.16)

If there are ψ images in the dataset, then the expected index E is given by:
i
1 Xh 0
E = MN
pij pij + (1 − p0ij )(1 − pij )
(3.17)
( 2 ) i,j
i6=j

where,
p0ij =

1 X 1 X mkψ
I(li
= ljmkψ )
ψ ψ K k

(3.18)
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With a little bit of mathematical jugglery, the expected index E can be written as:
E=

1 X 1 X
k
PRI(faψ (x), fm
(x))
ψ ψ K k

(3.19)

The NPR index is used here to justify the use of constants in one of the MODS
method of Chapter 4.
(ii) GCE : This metric is defined based on the assumption that the results of the automatic segmentation are a refinement of the GT manual segmentation. Using the
notations described at the beginning of the Section, the refinement error RE is
given by:
k
RE(fa (x), fm
(x), xi )

|lia \limk |
=
lia

(3.20)

where, |.| denotes the cardinality of the set and \ denoted set difference. The GCE
metric is then defined as:

GCE =

X
X
1
k
k
min{
RE(fa (x), fm
(x), xi ),
RE(fm
(x), fa (x), xi )}
MN
i
i

(3.21)

A good segmentation algorithm has GCE ∈ [0, 1] values close to 0.
(iii) VOI : The VOI metric measures the quality of segmentation in terms of the information difference between the segmentation results of the automatic algorithm and
the manual segmentations. The VOI metric is defined as:
k
k
V OI = H(fa (x)) + H(fm
(x)) − 2I(fa (x), fm
(x))

(3.22)

where, for a generic segmented image fs (x) of size M × N that has nl pixels with
the label l, the entropy H(fs (x)) is given by:
L
X
nl
nl
log
H(fs (x)) = −
MN
MN
l=1

(3.23)

k
and the mutual information I(fa (x), fm
(x)) is given by:

k
I(fa (x), fm
(x))

L X
L
X
nl,l0
nl,l0 nl n0l
=
log
.
MN
MN MN MN
l0 =1 l=1

(3.24)

The results of a segmentation algorithm are of good quality if VOI ∈ [0, ∞] is close
to zero.
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(iv) BE : Boundary error is the maximum of the pairwise Euclidean distance between
k
the boundary pixels in fa (x) and fm
(x). It should be noted that the boundary
error here is measured in terms of the number of pixels. In order to obtain the
error in millimetres, this should be multiplied by the pixel size in mm. A good
segmentation algorithm produces the lowest boundary errors i.e., BE close to 0.
3.4.2.2

Quantitative analysis

The segmentation algorithms are quantitatively evaluated by using metrics that measure the amount of overlap between the GT and the segmentation results. The overlap
measures used for validation are: (1) Sensitivity (SE); (2) Specificity (SP); (3) Dice
Coefficient (DSC) and (4) True Positive Rate (TPR) or Positive Predictive Value (PPV)
given by:
TP
TN
; SP =
;
(3.25)
SE =
TN + FP
TP + FN
TP
2 × TP
; DSC =
(3.26)
TP + FP
2 × TP + FP + FN
where TP, TN, FP and FN stand for True Positives, True Negatives, False Positives and
False Negatives, respectively.
PPV =

3.5

Experimental results

The algorithms were implemented using Matlab 2012 and executed on an Intel(R)
Core(TM) i5-2400, 3.10GHz processor equipped with 4GB RAM.

3.5.1

Annotation removal algorithm

The PPD dataset is used to validate the performance of the annotation removal
algorithm. This dataset consists of 18 images with annotation and 10 images without
annotation. Each of the 18 images has at least one nodule with caliper marks and text
embedded in its FOV by the examining sonographer. The BDCT is applied on image
blocks of size 64×64 pixels with an overlap of 32 pixels and B = 16.
Images in the dataset that do not have any annotation embedded in its FOV are used
to quantify the restoration results. Annotations in the form of text are introduced at
random locations within the FOV of the image which are then input to the annotation
removal algorithm. The PSNR is calculated for the restored image to measure the quality
of restoration. The simulation is repeated for 50 times for every image in the dataset.
Table 3.2 shows the PSNR values averaged over 50 iterations for all the images in the
dataset. It can be seen that the images have PSNR values greater than 38dB suggesting
the high quality of restoration.
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Case Number
1
PSNR
39.78
Case Number
6
PSNR
39.02
*

2
40.48
7
40.33

3
38.94
8
40.11

4
39.62
9
41.06

5
39.67
10
40.91

PSNR = Peak Signal to Noise Ratio

Table 3.2: Restoration Quality Analysis. The proposed
pre-processing algorithm produces high quality restoration of the annotation removed image as evidenced by high PSNR values (>
39dB)

(a)

(b)

Figure 3.11: Restoration of a Ultrasound image randomly downloaded from the internet. (a) Input. (b) Output.
The algorithm is also executed on a random Ultrasound image downloaded from the
internet to check the generality of the algorithm. Figure 3.11(a) shows an Ultrasound
image of a foetus with an arrow mark, given as input to the algorithm. Figure 3.11(b)
shows the output after annotation removal and restoration. Figure 3.12 shows the results
of the online survey conducted to assess the quality of restoration subjectively. It can be
seen than more than 70% of the participant pool, which included clinicians and medical
imaging researchers, agreed that the annotations had indeed been fully removed from the
images and that the restored image resembled the original image without any distortion.
The algorithm, in general, is able to suppress the annotations completely at regions
where the texture is homogenous and restore the image without any distortion. It is
observed that the regions in the restored image that originally have annotations at gray
level discontinuities such as edges of cystic nodule walls etc., tend to appear blurry. This
is due to the fact that the projection operator used in the POCS algorithm acts as a low
pass filter. It can be inferred from the experiments that the algorithm produces high
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Strongly agree
Agree
Neither agree nor disagree
Disagree
Strongly disagree

14%

6%

46%

6%

28%

Figure 3.12: Survey results. Roughly 75% of the participant pool agreed that the
annotation had been completely removed and that the restored image did
not have any distortion in it.
quality restorations of the annotation removed images. Hence, the annotation removal
algorithm can be used as a pre-processing tool to perform ultrasound image analysis in
images with annotations.

3.5.2

Segmentation algorithms

In this section we analyse the performance of the methods introduced in Chapter 2
to segment the thyroid gland and the carotid artery. The metrics described in Section
3.4 are used to validate the algorithms.
3.5.2.1

Segmenting the carotid artery

The semi-automatic methods of [135], [134], [136] and [137] are implemented for this
study. The centroid of the GT carotid segmentation (pixels of carotid that lie in the
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Method
Spoke Ellipse
Star
Star Kalman

Star Extended Kalman
*

Initial Parameters
# Radial Lines: 30;
Ellipse Fit: Least Squares (trace constraint)
# Radial Lines: 30; Edgethr = 50
Ellipse Fit: Hough 1D Transform
# Radial Lines: 50; rmax = 75
Q = 3; R = 20; M = 10
Initial State Vector = rmax /2
# Radial Lines: 50; rmax = 85
Q = diag(2, 2, 0.1), R = 20, M = 5
Initial State Vector = [rmax /2, rmax , 0]T

Descriptions for the notations used in each algorithm can be found in
the respective papers.

Table 3.3: Parameters used to initialize the carotid segmentation methods.
intersection of the two manually segmented regions) is chosen as the seed point to initialize
the algorithms. The recommended parameter settings needed to initiate the algorithms
are listed in Table 3.3. It was noted in Section 2.5.1.2 that the carotid artery for the
input ultrasound image in Figure 2.10 is under segmented or over segmented by all the
methods. This is in fact true for all the images in our database which is evident from
the DSC values in Table 3.4. The average overlap measured by the DSC metric for every
method, except for the spokes ellipse algorithm on images in the dataset S2 and the
star extended Kalman algorithm for images in the dataset S1, is less than 76%. High
values of sensitivity and specificity can be attributed to the manual initializations of the
algorithm.
From the plots in Figure 3.13, it can be observed that the median values of PRI,
GCE, VOI and BE respectively stand at 0.97, 0.015, 0.1 and 7 for the Spokes Ellipse
algorithm; 0.94, 0.0275, 0.27 and 22 for the Star algorithm; 0.97, 0.010, 0.1 and 9 for
the Star Kalman algorithm; and 0.98, 0.009, 0.07 and 5 for the Star Extended Kalman
algorithm. Combining this information with the DSC values of Table 3.4, it can be
inferred that the existing methods often tend to under-segment the carotid artery. The
Star Extended Kalman algorithm proposed by Gurrero et al. [136] performs better than
the remaining algorithms both quantitatively and qualitatively.
It is also interesting to note that, except for the Star Kalman algorithm, the DSC
values of set S1 differ from that of S2 by more than 7%. This is due to the fact that
the boundary pixels of the carotid artery are determined by the use of intensity-based
gradients. This suggests that the performance of the existing methods to segment the
carotid artery is specific to the dataset used and therefore cannot be generalized to all
datasets.
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Method

Dataset

SE

SP

DSC

PPV

Spoke Ellipse

S1

0.982 ± 0.030

0.935 ±0.090

0.742 ±0.206

0.667 ±0.244

[137]

S2

0.990 ± 0.008

0.962 ±0.036

0.839 ± 0.073

0.755 ±0.120

S1

0.935 ± 0.089

0.693 ±0.338

0.404 ±0.239

0.531 ±0.361

S2

0.875 ± 0.104

0.813 ±0.350

0.303 ±0.236

0.371 ±0.334

Star Kalman

S1

0.999 ± 0.001

0.576 ±0.212

0.700 ±0.154

0.982 ±0.044

Star [134]

[135]

S2

0.999 ± 0.001

0.566 ±0.197

0.702 ±0.166

0.998 ±0.003

Star Extended

S1

0.987 ± 0.032

0.932 ±0.099

0.827 ± 0.167

0.793 ±0.177

Kalman [136]

S2

0.982 ± 0.018

0.930 ±0.143

0.757 ±0.125

0.692 ±0.212

?

Results are averaged over both experts.
S1 = Set 1. S2 = Set 2. SE = Sensitivity. SP = Specificity. DSC = Dice Co-efficient.
PPV = Positive Predictive Value.
Best results are highlighted in Bold font.

Table 3.4: Quantitative analysis of existing methods to segment the carotid
artery. It is observed that while Spoke Ellipse algorithm has a good
overlap with the GT for the images in Set 2, the Star Extended
Kalman algorithm has good overlap with GT for images in Set 1.
3.5.2.2

Segmenting the thyroid gland

The thyroid segmentation algorithm of [49] is implemented by first determining the
probable thyroid region followed by applying adaptive weighted median filtering and
morphological closing of the image. Then, features such as: (a) Coefficient of Local Variation; (b) Block Difference of Inverse Probabilities; (c) Normalized Multi-Scale Intensity
Difference;(d) Haar wavelet based features; and (e) histogram features are extracted in
a 16 × 16 rectangular window. A radial basis function (RBF) neural network is trained
using the features extracted from the images in the training set of dataset SS. The
parameters used at every stage in our implementation are the same as those reported
in [49]. Each test image in the dataset SS is divided into blocks of size 16 × 16 pixels,
with 50% overlap between the blocks. The blocks are then classified into the thyroid or
non-thyroid region by the trained classifier. The resulting image is post-processed by the
recommended morphological operations. A similar approach is followed in implementing
the method proposed by Garg et al. [133] with the following changes: (a) feature set is
changed to histogram based features and multi-scale Haar wavelet based features; and (b)
the classifier changed to feed-forward neural networks. It should be noted here that the
regions belonging to the thyroid gland form the positive class and regions not belonging
to the thyroid gland (carotid, muscles and the trachea) form the negative class. Overall 66 samples (33 positive and 33 negative) are generated to train the neural network
classifier.
From the plots in Figures 3.14 and 3.15, it can be seen that both methods result in
low quality segmentations of the thyroid gland. This is also confirmed by the low DSC
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Figure 3.13: Qualitative analysis of existing methods to segment the carotid artery. (a)
Probabilistic Rand Index (PRI). (b) Global Consistency Error (GCE). (c)
Variation of Invormation (VOI). and (d) Boundary Error (BE) in pixels.
It can be seen that for the Star Extended Kalman method, the PRI value
is close to 1 with GCE, VOI and BE lower than the rest. Thus, the results
of Star Extended Kalman method are better than that obtained by other
algorithms.
values in Table 3.5.

3.5.3

Inter-observer variation

Overlap statistics of Section 3.4.2.2 are used to determine the inter-observer variation
and the results are summarized in Table 3.6. The low SP values of E12 when compared
to E21 for all the organs suggest the possibility of expert 1 under-segmenting the organs
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Figure 3.14: Qualitative analysis of existing methods to segment the thyroid gland in
transverse scan. (a) Probabilistic Rand Index (PRI). (b) Global Consistency Error (GCE). (c) Variation of Invormation (VOI). and (d) Boundary
Error (BE) in pixels. It can be seen that for the method by Chang, the
PRI value is close to 1 with GCE, VOI and BE lower than that of the
method by Garg. Thus, the results of Chang are better than that of Garg.
when compared to expert 2.

3.6

Summary

 The datasets used to conduct experiments were introduced in this chapter. Five
different sets of images are used in our experiments. Images of dataset S1 and
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Figure 3.15: Qualitative analysis of existing methods to segment the thyroid gland in
longitudinal scan. (a) Probabilistic Rand Index (PRI). (b) Global Consistency Error (GCE). (c) Variation of Invormation (VOI). and (d) Boundary
Error (BE) in pixels. From the plots it can be inferred that the method of
Chang et al., [49] produces better quality results than that by the method
of Garg et al., [133] for longitudinal scans.
S2 were acquired using Hitachi and GE ultrasound imaging devices, respectively.
Images in the public dataset were acquired using Toshiba and Ultrasonix imaging
devices. The purpose of employing a multi-vendor dataset is to test the generality
of the proposed methods.
 Annotations are embedded in ultrasound images by sonographers to provide more
information about the findings in an ultrasound scan to the consulting physicians.
Such annotations are a deterrent to the successful execution of automatic seg-
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Method

Dataset

Scan

SE

SP

DSC

PPV

SS

T

0.891 ± 0.106

0.662 ± 0.258

0.589± 0.199

0.598 ± 0.263

SS

L

0.856 ± 0.127

0.457 ± 0.389

0.435 ± 0.376

0.464 ± 0.431

SS

T

0.524 ± 0.157

0.955 ± 0.077

0.411 ± 0.074

0.264 ± 0.060

SS

L

0.421 ± 0.206

0.772 ± 0.370

0.388 ± 0.212

0.266 ± 0.161

Chang [49]
Garg [133]
?

Results are averaged over both experts.
SS = Supervised Set. T = Transverse. L = Longitudinal. SE = Sensitivity. SP = Specificity.
DSC = Dice Co-efficient. PPV = Positive Predictive Value.
Best results are highlighted in Bold font.

Table 3.5: Quantitative analysis of existing methods to segment the thyroid gland.
It can be inferred from the DSC overlap values that the method proposed by Chang et al., [49] performs better than that of Garg et al., [133]
to segment the thyroid gland.
Organ

GT

SE

SP

DSC

PPV

Thyroid

E12

0.993 ±0.006

0.832 ±0.088

0.890 ±0.050

0.961 ±0.029

E21

0.965 ±0.024

0.961 ±0.029

0.889 ±0.051

0.833 ±0.088

E12

0.999 ±0.001

0.855 ±0.072

0.901 ±0.030

0.959 ±0.042

E21

0.996 ±0.002

0.959 ±0.042

0.901 ±0.049

0.856 ±0.072

Carotid
Muscles
Trachea

E12

0.997 ±0.002

0.620 ±0.146

0.749 ±0.117

0.978 ±0.021

E21

0.926 ±0.026

0.978 ±0.021

0.749 ±0.117

0.620 ±0.146

E12

0.990 ±0.009

0.786 ±0.181

0.833 ±0.173

0.895 ±0.186

E21

0.974 ±0.019

0.895 ±0.186

0.833 ±0.173

0.786 ±0.181

E12: Manual segmentation by expert 1 used as GT to quantify the segmentation by expert 2; E21: Manual segmentation by expert 2 used as GT to
quantify the segmentation by expert 1.
GT = Ground Truth. SE = Sensitivity. SP = Specificity. DSC = Dice Coefficient PPV = Positive Predictive Value.

Table 3.6: Interobserver variation.
mentation algorithms. A novel annotation removal algorithm was proposed in this
chapter that can automatically detect and remove annotations from ultrasound images. High quality restoration (PSNR > 38dB) of the annotation removed images
was achieved by the use of POCS algorithm.
 Four qualitative metrics and Four quantitative metrics were introduced to validate
the segmentation algorithms. It is found that the existing methods to segment the
thyroid gland and the carotid artery provide good quality segmentation results but
fall short of segmenting the actual boundaries of the organs under consideration.
This is evidenced by the low DSC values of the segmentation results suggesting
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the under/over segmentation of the organs. Hence better methods are needed to
accurately segment the organs.
 All the segmentors and all organs are considered together at the time of computing
the qualitative metrics. Thus, these can be used to compare different algorithms
with each other. However, since all the organs are together considered for qualitative analysis, these metrics cannot be used to compare multi-organ segmentation
algorithms with binary segmentation algorithms. The quantitative metrics on the
other hand are specific to each segmentor and organ. The quantitative metrics
with respect to individual segmentors have to be: (a) considered separately; or (b)
averaged; to compare different algorithms with each other. Unlike the qualitative
metrics, the quantitative metrics can used to compare the results of a multi-organ
segmentation algorithm with that of a binary segmentation algorithm.
 The qualitative metrics are used to select the best of the two methods proposed in
Chapter 4 while the quantitative methods are used to compare the performance of
the proposed methods with the existing methods.
 Manual segmentation by two expert sonographers are used as ground truth to
validate the segmentation algorithms. It was observed that one of the experts
consistently under-segmented the organs when compared to the other expert.
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Chapter 4
Unsupervised MODS methods
In this chapter two new methods called the: (a) Three Category MODS system; and
(b) Multi-Category MODS System; are introduced to perform MODS in US images of
the thyroid gland. A cascade of unsupervised classifiers are employed to perform the
segmentation in the proposed methods.

4.1

State-of-the-art

A majority of US image segmentation algorithms are based on level-sets [154–156]
and active contours [157, 158]. These methods are semi-automatic and are restricted
to perform binary segmentations in images. The concept of multi-organ segmentation
is relatively new and only a handful of algorithms have been proposed for CT and US
imaging modalities.
One of the early attempts to perform MODS in US images was made by Georgescu et
al. [159]. This was followed by the introduction of methods to segment the foetal anatomic
structures in US images of the abdomen by Zhou et al. [69] and Carniero et al [160, 161].
These methods employ a technique called the marginal space learning (MSL) to detect
and segment objects of interest. A bounding box given by B = (x, y, α, σ) is used to
describe the appearance of the object in the image. Hence, segmentation is formulated
as placing a rectangular bounding box around the detected anatomical object. Here, x
and y refer to the co-ordinates of the top left corner of the bounding box, α refers to the
orientation of the box with respect to the image\volume and σ refers to the scale of the
bounding box. Figure 4.1 shows a generic MSL framework where a cascade of classifiers
are employed to perform MODS in US images. In the MSL framework, each classifier is
trained on a subset of the bounding box parameter space θ = {x, y, α, σ}. Referring to
Figure 4.1, the position classifier acts only on the x, y parameters of the input samples.
The samples classified as belonging to the positive class form input to the orientation
classifier. As the name suggests, the orientation classifier filters input candidates based
on its orientation with respect to the base of the image. The candidates filtered by
the orientation classifier are fed into the scale classifier which outputs if the region of
the image under consideration belongs to an anatomical or not. It has been reported
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Figure 4.1: MSL Framework for MODS in US images.
that the computational complexity of the algorithm is reduced three fold with the use of
MSL [160]. Image features based on Haar wavelets are used in the classification process.
Figure 4.2 shows the commonly used kernels to generate Haar wavelet based features.
The Probabilistic Boosting Tree (PBT) is used as the classifier in all three stages of the
framework.
Feng et al., [162] have proposed another cascade of random forest classifiers to segment
the US images of the liver. In this method, the first classifier of the cascade is trained on
features extracted from regions belonging to the super pixels as determined by the Simple
Linear Iterative Clustering (SLIC) algorithm [163] to segment the liver parenchyma.
The second classifier is trained on features extracted from maximally stable extremal
regions (MSER) [164] to segment various organs within the segmented liver parenchyma.
Rahmatullah et al. [165] use a two stage cascade of AdaBoost classifiers to segment US
images of the foetus. The first stage classifier makes use of the global features obtained
from Haar wavelets to detect possible regions containing anatomical structures of interest.
The second stage classifier which is trained on local features such as local phase and local
energy, is used to detect the presence of organs in the candidate regions. In all of the
methods, intensity based Haar wavelet features are used in the classification process.
This would mean that the performance of the existing methods is closely linked to the
brightness of the image. Hence, existing methods perform sub-optimally on datasets
that have been acquired at different time gain compensation settings and hence cannot
be generalized. Although authors in [165] use local phase which is invariant to signal
energy to categorize the organs, the primary detector is still based on Haar wavelets and
hence is expected to perform poorly on multi-vendor datasets. It is interesting to note
that none of the algorithms encode the relative spatial positions of the organs as a feature
in the classification process.
Similar to the MODS in US images, the methods proposed for CT imaging modality
also employ a cascade of classifiers to detect and segment multiple organs. Liu et al. [166]
have proposed a maximum a posteriori (MAP) framework that makes use of probabilistic
atlases and Gaussian Mixture Models to perform MODS. Kohlberger et al., [167] employ
MSL with PBT to detect regions containing anatomical structures of interest in CT
volumes of liver, lungs and kidney. Level sets are then used to segment organs within the
detected regions. Wels et al., [168] follow an approach similar to [167] to segment MRI
volumes of the brain. Criminisi et al., [169] make use of decision forests trained with Haar
wavelets to perform MODS in CT volumes. Glocker et al. [170] have proposed a Joint
Classification and Regression (JCR) model to segment multiple organs in CT volumes
of the abdomen. Of the methods discussed thus far, both for CT and US imaging, this
is perhaps the only algorithm that makes use of the relative spatial locations of the
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Figure 4.2: Image features used in [160]
organs to perform MODS. Intensity based Haar features in conjunction with relative
spatial locations of organs determined from signed distance maps are used to build the
JCR model. Since the methods introduced in this Chapter employ spatial constraints
to detect and segment organs in US images, the JCR model is modified for use in US
images and compared with our methods in Section 4.5.
There have been attempts to employ shape contexts to perform MODS in CT imaging modality [171, 172]. Use of shape contexts for MODS in freehand US imaging is
challenging for two reasons: (a) additional instrumentation is necessary to capture the
probe position in world coordinates at the time of image acquisition; and (b) organs in a
US scan undergo deformation under probe pressure. The imaging plane determines the
shape of the organ visible under the US scan. This is evident from the images in Figure
3.1 where the shapes of the thyroid gland are different in two different imaging planes.
In order to use shape contexts, the imaging plane has to be determined by the use of
markers attached to the probe which are tracked with the help of an external tracking
device such as a video camera. This information can be used to categorize the images
according to the imaging plane and a cascade of classifiers can be used to detect and
segment organs in each plane.
Shape information for supervised segmentation can be used if the deformation can
be successfully modelled and corrected. Deformation of tissues in US images vary with
the applied pressure. There are no standards set for the optimal pressure that has to be
applied by the sonographers to scan the gland. Therefore, it is probable for two different
sonographers to apply different pressures while scanning the gland. Under such circumstances, a shape-based supervised segmentation algorithm trained using the dataset of
one sonographer may not perform well on the dataset of another sonographer, which
renders the algorithm to be of little use in a clinical setting.
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The methods that have been proposed thus far employ supervised learning to perform
MODS. Pixels within the regions of the image marked as belonging to an anatomical
structure by an expert are treated as samples for the positive training class. Negative
training samples are generated automatically from regions of the image that are located at
an empirically determined distance from the anatomical structure of interest. It was seen
in Section 3.5.2.2 that classifiers trained with automatically generated samples for the
negative training class resulted in sub-optimal performance of the algorithm. Moreover,
supervised segmentation algorithms require a large database of annotated datasets to
train the classifiers. Acquiring such a large database is expensive and time consuming,
thus prompting the need for unsupervised methods for MODS.
Not only do the unsupervised methods not need large databases of annotated datasets,
they can also be used for exploratory data analysis. Unsupervised algorithms have
previously been employed to perform tissue characterization and binary segmentation
[173–177]. Mean shift based segmentation algorithms have been used in [178] and [179]
to segment CT and US images respectively. Linguraru et al., [180] make use of graph cuts
to perform multi-organ segmentation in CT images of the abdomen. Unsupervised clustering based segmentation algorithms such as Mean-Shift [181] and Normalized Cuts [182]
can effectively be extended to perform multi-organ segmentation if the clusters are formed
based on some criteria related to image formation and tissue characterization. Motivated
by the discussion on speckles and artefacts in Chapter 2, three methods are proposed in
this chapter that utilize pixels associated with speckles and imaging artefacts to perform
MODS in US images.

4.2

Speckle related pixels

In all of our methods, we cluster speckle related pixels to determine the tissue
echogenicity. It was seen in Section 2.2 that speckles in US images directly correspond
to the number of scatterers in the tissue and hence determine the echogenicity of the tissue. Given the nature of the scattered US waves to undergo constructive or destructive
interferences, it can be assumed that the speckles appear blob like in B-Mode US images.
Hence, a Hessian based blob detector is used to determine the set of pixels associated
with speckles. Given an input image f (x), the set of pixels belonging to a speckle is
given by:
Fs = {x : |H(f )| > 0 and

∂ 2 f (x)
> 0}
∂ 2x

(4.1)

where,

H(f ) =

∂ 2 f (x)
 2∂ 2 x
∂ f (x)
∂y∂x



∂ 2 f (x)
∂x∂y 
∂ 2 f (x)
∂2y

(4.2)

is the Hessian matrix and |H(f )| is its determinant.
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Figure 4.3: Three category clustering based MODS framework

4.3

Three Category MODS system

In the first of the three methods, the set of speckle related pixels, Fs , are clustered
into one of the three echogenic levels: (a) Anechoic; (b) Hypoechoic; and (c) Hyperechoic.
The framework proposed to perform MODS by this method is depicted in Figure 4.3.
Given the fact that the echogenicity of a tissue is expressed in terms of its brightness with
respect to the tissue surrounding it, the goal is to cluster speckle related pixels based on
its intensity profile in a neighbourhood of pixels associated with speckles. The average
value of speckle pixels in the neighbourhood is used to determine its echogenicity.
Denoting the neighbourhood of a speckle related pixel by a window w(m, n), m ∈
[1, Nx ] and n ∈ [1, Ny ], centred at (x, y), the average intensity in the window is given by:

favg (x) =

1
Nx Ny

x+ N2x y+

Ny

X X2

x− N2x

f (x).

(4.3)

N
y− 2y

The coordinates of a pixel (x, y) is denoted by a row vector x for the sake of simplicity.
A speckle related pixel is said to be:
(1) hyperechoic if nb > na + ne
(2) anechoic if na > nb + ne and
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Figure 4.4: Three category clustering of speckle related pixels. (a) Input US image in
the transverse scan; (b) Results of clustering where pixels with: (i) lowest
brightness corresponds to anechoic regions, (ii) intermediate corresponds
to brightness to hypoechoic regions and (iii) highest brightness corresponds
to hyperechoic regions; (c) Clustering results with GT overlay (green =
carotid; white = thyroid; blue = muscles; and red = trachea); (d) Binary
image fan (x) with pixels belonging to anechoic regions as foreground pixels;
(e) Binary image fho (x) with pixels belonging to hypo-echoic regions as
foreground pixels; and (f) Binary image fhr (x) with pixels belonging to
hyper-echoic regions as foreground pixels.
(3) hypooechoic if ne > na + nb ,
where, na is the number of pixels that have an average value above favg (x) + τ ; nb is
the number of pixels that have an average value below favg (x) − τ ; and ne is the number
of pixels that have an average value favg (x) : favg (x) − τ ≤ favg (x) ≤ favg (x) + τ . The
binary images fhr (x), fho (x) and fan (x) that respectively have hyper, hypo and anechoic
pixels as foreground pixels are shown in Figure 4.4.
Looking at Figure 4.4(c) it can be seen that the carotid artery, trachea and muscles
are entirely contained in the hypoechoic regions while the thyroid is entirely contained in
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(a)

(b)

(c)

Figure 4.5: Detecting and segmenting the trachea. (a) Image depicting the relationship
between the trachea in the Hypo-echoic regions and the Anechoic regions.
Here, the region in Gray denotes the anechoic regions, the region in white
denoted the Hypo-echoic regions and the GT overlay for the trachea is in
red. (b) Detected trachea. (c) Segmented trachea (after setting the pixels
in the convex hull of the detected trachea as foreground pixels).
the hyperechoic region. The methods to detect the carotid artery, trachea and muscles
in fho (x) and to estimate the boundary of the thyroid gland in fhr (x) are discussed in
the Sections to follow.

4.3.1

Segmenting the Trachea

The trachea is the first organ to be segmented in this method. From Figures 4.4(be), it can be seen that the trachea in fho (x) (in red in Figure 4.4(c)) sits on top of
the anechoic pixels in fan (x). In order to detect and segment the trachea, connected
component labelling is applied on fho (x) to get a labelled image fl ho (x). The component
of fl ho (x) that shares its lower boundary with fan (x) is the trachea. Pixels belonging to
this component and its convex hull in fho (x) are segmented the as trachea. Figure 4.5
illustrates the steps leading to the segmentation of the Trachea.

4.3.2

Segmenting the Carotid

The carotid artery is entirely contained in fho (x) and casts an enhancement artefact
underneath it. The pixels of the artefact belong to fhr (x). The carotid artery, although
circular in shape, appears as an ellipse due to deformation under the applied probe
pressure. Hence, a two stage approach is followed to detect the carotid in fho (x). In the
first stage, the components of fl ho (x) that resemble an ellipse with hyperechoic regions
below it are chosen as probable candidates for the carotid artery. In the second stage,
an energy based deformable model is applied to detect the carotid artery from the short
listed candidates.
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Looking at Figure 4.4, it can be seen that none of the regions that belong to the
foreground resemble an ellipse. So to detect the elliptical carotid candidates in fho (x),
the image is first morphologically filled and skeletonized. The nodes of the skeleton are
represented by the set N . Every node in N , an ellipse encompassing the node and its
adjacent node is fit by treating the two nodes as its focii. The major axis of the ellipse
is along the line joining the adjacent nodes. Its length, a, is determined to be twice the
distance between the midpoint of the line segment joining the focii and the boundary
pixel in fho (x, y) that is closest to the two focii. The length of the minor axis, b, of the
ellipse is found in a similar way on the line perpendicular to the major axis and passing
through the mid point of the focii. The ellipses that have a hyperechoic region below it
are chosen as candidates for the carotid artery.
Denoting the binary image containing elliptical carotid candidates by:
(
1
inside ellipse
(4.4)
E(x) =
0
outside ellipse
the energy functional F for the deformable model is defined as:
Z

2

Z

|f (x) − Ēi | dxdy +

F =
inside ellipse

|f (x) − Ēo |2 dxdy

(4.5)

outside ellipse

where

R

f (x)fho (x)E(x)dxdy
R
E(x)dxdy

(4.6)

f (x)fho (x)(1 − E(x))dxdy
R
.
(1 − E(x))dxdy

(4.7)

Ēi =
and

R
Ēo =

The elliptical carotid candidate that has the lowest value of F and that has the lowest
internal energy (first term in the sum of Eq. (4.5)) is segmented as the carotid. Figure
4.6 shows the process of segmenting the carotid artery.

4.3.3

Segmenting the Muscles

In Transverse Scans: The carotid artery and trachea detected previously are used
as landmarks to detect and segment the muscles. Muscles in transverse US scan lie above
the thyroid, trachea and carotid artery. So the search region for the muscles is established
above the highest point of the trachea or carotid artery in fl ho (x). The longest edge in
fho (x) above the carotid and trachea obtained by an edge detector belongs to the muscles.
The component that contains this edge and the components that lie within the bounding
box containing it in fl ho (x) are the muscles. The canny edge detector is used to detect
the longest edge in our experiments.
In Longitudinal Scans: Since the carotid and trachea are not visible in the longitudinal
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(a)

(b)

(d)

(c)

Figure 4.6: (a). Input ultrasound image in transverse scan; (b). Binary image fho (x)
representing hypo-echoic regions after morphologically filling the holes; (c).
Skeleton of fho (x) with node pixels (red), carotid candidates (blue ellipses)
and carotid candidate having the lowest internal energy (green ellipse); (d).
Segmented trachea and carotid
scan, the thyroid gland needs to be segmented first before segmenting the muscles. Once
the thyroid is segmented, all the hypoechoic components of fl ho (x, y) having a height to
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(a)

(b)

(c)

Figure 4.7: Establishing search region to detect and segment the thyroid gland. (a)
Search region in the binary hyper-echoic image fhr (x) (region inside blue
boundary); (b) GT over lay in the search region (in red); and (c) Segmented
thyroid gland.
width ratio greater than half are chosen as that belonging to the muscles and segmented
from the image.

4.3.4

Segmenting the Thyroid

In Transverse Scans: The thyroid gland shares two of its four boundaries with the
muscles and the trachea. Hence, muscles and trachea are used as landmarks to segment
the thyroid gland. Further, the thyroid gland is fully contained in the space enclosed by
the trachea, muscles and the carotid artery. So the space to be segmented is restricted to
the region in between these organs in fhr (x). Figure 4.7 shows the search space for the
thyroid gland in fhr (x). From Figure 4.7(b), it can be seen that three boundaries of the
thyroid gland are fully contained in the search space leaving only the lower boundary of
the thyroid gland to be estimated.
The lower boundary of the thyroid gland is estimated by considering a signal gy :
gy (xi ) = f (xi , y)

, 1 ≤ y ≤ N, xi ∈ Nx and i ∈ [1, |Nx |],

(4.8)

where,
Nx = {x : fhr (x, y) > 0|y}

(4.9)

denotes the set of all non-zero pixels in a single column of fhr (x, y). Thus, gy (xi ) is the
intensity of a pixel at (xi , y) in the input image f (x). A low pass filter is then applied
on the signal gy with an empirically chosen cut off frequency equal to |n15x | . Let us denote
the low pass filtered signal by gyl . All the edge pixels in f (x) (determined by the Canny
edge detector) at xy m :
xy m = argmaxnx | 5 gyl |,
(4.10)
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(a)

(b)

(c)

(d)

Figure 4.8: (a). Input ultrasound image in transverse scan; (b). Edge map after applying Canny edge detector to the input in (a); (c). Speckle pixels associated
with maximum intensity gradient in each column (red), edges associated
with these pixels and selected anterior boundary of thyroid (green); (d).
Fully segmented image of thyroid gland
are possible candidates for the lower boundary of the thyroid. The edge pixels that are
closer to the trachea and carotid artery are retained and a smooth curve is fit using splines
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to estimate the lower boundary of the thyroid gland. All the pixels of fhr (x, y) that lie
underneath the estimated anterior boundary are excluded from further analysis. The
segmented thyroid is obtained by including all the pixels of fhr (x, y) that lie within the
convex hull of the region bounded by the lower boundary of the muscles, upper boundary
of the trachea, the carotid and the estimated lower boundary of the thyroid. Figure 4.8
shows the process of estimating the lower boundary of the thyroid gland along with the
fully segmented image in the transverse scan.
In Longitudinal Scans: The thyroid gland is segmented in the longitudinal scans
by considering both the hyperechoic and anechoic regions. A binary image fb (x) is
formed with the speckle pixels of fhr (x) and fan (x) as foreground pixels. This image is
morphologically filled and labelled by connected component analysis to get a labelled
image fbl (x). The largest component corresponds to the thyroid and is retained as
foreground pixels in fb (x). The rest are reset to background pixels. Similar to the
segmentation of the thyroid gland in the transverse scan, a signal g(x), given by:
g(x) =

N
X

fb (x, y),

(4.11)

y=1

is low pass filtered to get a signal gl (x).
The spatial locations in g(x) at which the signal has a local minima corresponds to
the rows in f (x) that may contain the lower boundary of the thyroid gland. The row
in the image at which the difference between the successive minima values is the largest
is the deepest point of the thyroid gland in the image. The foreground pixels in fb (x)
below this point are reset to background pixels. The pixels contained in the convex hull
of the remaining foreground pixels in fb (x) form the segmented thyroid gland. Figure
4.9 shows the process of segmenting the thyroid in longitudinal scans.

4.4

Multi-Category MODS system

In the previous section, the pixels in Fs were clustered into one of three echogenic
classes based on its intensity. The results of this clustering were used to sequentially
detect and segment the trachea, carotid artery, muscles and the trachea. The success
of the algorithm depends on the successful detection of the trachea and the carotid
artery that act as landmarks to detect the remaining two organs. While the detection
of the trachea is straightforward, the detection of the enhancement artefact is crucial to
successfully detect the carotid artery. Although, the enhancement artefact is hyperechoic
to the thyroid gland (as a matter of fact, the enhancement artefact is hyperechoic to all
the tissues in the scan), it is assigned the same echogenic class as the thyroid in the
process of clustering the pixels. This resulted in the detection of a large number of false
positive carotid candidates, some of which were falsely detected and segmented as the
carotid artery by the subsequent energy based model. Thus, three echogenic classes are
insufficient to capture the entire echogenic range of the tissues present in the scan. But
the number of echogenic levels in a US image rarely remains constant and varies with
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.9: (a). Input ultrasound image in longitudinal scan; (b). Image with regions
representing hyper-echoic and anechoic pixels as foreground; (c). Thyroid
with local minima rows (in white) ; (d). gl (x) (On x-axis is the number of
non-zero pixels and y axis is the row number ranging from 1 to the total
number of rows in the image); (e) Manual segmentation (Ground truth)
of thyroid (in white) and muscles (in blue) by an expert; (f). Thyroid (in
white) and muscles (in blue) segmented by the three category clustering
based segmentation algorithm.
probe motion and the image acquisition settings. This makes echogenicity based tissue
characterization all the more challenging.
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In order to deal with the dynamic nature of echogenic levels, a multi-category MODS
method is proposed in this section that makes use of an agglomerative clustering scheme
to determine the number of echogenic levels in the image. As before, the results of
the clustering algorithm are used to detect and segment the four organs in the image.
Tissues in the image that are iso-echoic regions are called Similarly Reflective Regions
(SRR) and the number of clusters formed at the end of the agglomerative clustering
process determines the number of SRR’s present in the image. This can in a way be
considered as a quantization step in the MODS process. The multi-category MODS
framework is illustrated in the flow diagram of Figure 4.10.

4.4.1

Speckle patch similarity

In this algorithm, unlike clustering pixels based on its intensities, a similarity constraint is used to cluster speckle related pixels. This constraint is termed as the Speckle
Patch Similarity (SPS) in the context of this research work and is given by:
smn = S(rm , rn ) ≤ τ,

(4.12)

where,
2
MR1

S(rm , rn ) =

X

(rm (k) − rn (k))2 , m 6= n,

(4.13)

k=1

and τ is a pre-defined threshold. Here, rm (k) refers to the intensity of the k th pixel in
an MR1 × MR1 ROI defined around the mth speckle pixel in Fs .
The SPS constraint
is applied to cluster speckle pixels into their respective echogenic levels based on the
assumption that a small patch of image surrounding a speckle in an US image is similar
to another patch of the same tissue or of any other iso-echoic tissue. This assumption is
justified by referring to the image in Figure 4.11 which shows a simple pattern having four
brightness levels corrupted by speckle noise. It can be observed that the patches of the
image R1 and R2 around two speckle related pixels of the region with the same brightness
are similar to each other. Similarly, the patches R3 and R4 in another region are similar
to each other in terms of the brightness levels contained in the patch. By grouping all the
patches of image around every pixel associated with a speckle that satisfy a the constraint
of Eq. (4.12) under one label, the number of SRR’s in the image is determined to be the
total number of labels generated at the end of the grouping. The process of determining
the number of SRR’s is outlined in Algorithm 1.
Patch based segmentation algorithms for ultrasound imaging was first introduced
by Ciurte et al. [183] to segment opthalmic 2D ultrasound images in an active contour
framework. This method was further modified by the same authors in [105] by replacing
the active contour formulation with a graph based algorithm. In an earlier discussion on
medical image segmentation algorithms based on basic principles (Chapter 2, Sec. 2.5)
it was seen that active contours (belonging to GDM) and min-cuts (belonging to GBM)
are only effective in a single organ segmentation framework. Here in this research work,
we extend the patch based algorithms to perform multi-organ segmentation. Unlike [183]
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Figure 4.10: SPS Segmentation framework

Figure 4.11: Illustration of the Speckle Patch Similarity on a simple image comprising
of four brightness levels corrupted with speckle noise with σ = 0.04.
and [105] where Pearson’s distance is used, we use SSD as a similarity metric in our
algorithms. Experiments prove that the detection accuracy is higher with SSD metric
than with the Pearson’s distance as the metric.
The clustering of pixels according to the similarity constraint of Eq. (4.12) results in
only an estimate of the number of SRR’s in the image. One way to know the correctness of
the estimate is through simulations. Figure 4.12 shows a synthetic image with 4 segments
corrupted by speckle noise with σ = 0.04. Speckles within each segment belong to one
SRR, hence the expectation is that the clustering algorithm should return 4 clusters.
Applying Algorithm 1 to this image results in 29 SRR’s instead of 4 SRR’s. Thus, the
SRR estimate of Algorithm 1 is an overestimate. This overestimation is overcome by
merging clusters in a way that clusters belonging to the same SRR are assigned the
same label. The class connectivity constraint (Theorem 1) is used to merge the clusters
belonging to the same SRR. The pseudo-code in Algorithm 2 outlines the steps to be
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Algorithm 1 Obtaining initial SRR estimate
1: initialize Choose a pixel ~
xm from Fs and let its class label be l = 1
2: repeat
3:
Calculate the pairwise similarity smn , with m 6= n
4:
Assign to all unlabelled ~xn whose smn satisfy the SPS constraint, the class label l
5:
Increment Class label; l = l + 1
6:
Choose another unlabelled pixel ~xm from the set Fs , assign the new class label to
the pixel
7: until all the pixels in Fs have been labelled
taken to merge the clusters.
Theorem 1 (Class Connectivity ). Given a set L of l class labels, if for every pixel
associated with a class label λm in the image there exists at least one pixel with class label
λn connected to it, where m 6= n and (m, n) ∈ [1, l] and l ∈ N, then the pixels having the
labels λm and λn are said to be class connected and the pixels belonging to the two classes
can be merged into a single class λ.
Proof. Let us denote the SRR’s (quantization levels) by a class label set L and the image
with pixels having the values from L as fL (x) :
L = {λ1 , λ2 , ..., λl }

(4.14)

Let the set of pixels associated with each λm , m ∈ [1, l] be denoted by Xm :
Xm = {x : fL (x) = λm }
Fs = {X1 , X2 , ..., Xl }

(4.15)
(4.16)

Consider any two pixel sets Xm and Xn from Fs with the labels λm and λn respectively,
where m 6= n and m, n ∈ [1, l]. Let Xmn represent the union of the two sets and L1 the
set of the two class labels:
L1 = {λm , λn }
S
Xmn = Xm Xn .

(4.17)
(4.18)

From Eq.(4.16), Xmn ⊂ Fs .
According to the definition of connected components [140], two pixels xm and xn
are said to be connected in Xmn if there exists a path between them. The connected
component can be assigned a new label λmn . Assuming |Xm | > |Xn |, when every pixel
in Xn is connected to at least one pixel in Xm , there can be K components in Xmn with
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(a). Input pattern

(b). Initial estimate

(c). Quantized pattern

(d). Final estimate

Figure 4.12: Quantization results on an input pattern with four segments corrupted
with speckle noise (σ = 0.04) showing the intermediate results after obtaining the initial and final SRR estimates
|Xmn | > K ≥ 1. Let the connected component label set be denoted by LC given by:
LC = {λC1 , λC2 , ..., λCK }

(4.19)

Denoting fLC (x) as the image with pixels at locations in Xm and Xn having labels in LC ,
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we can write,
Xmn = {x : fLC (x) ∈ LC }.

(4.20)

From Eq. (4.17) and Eq. (4.18) we can write
Xmn = {x : fL (x) ∈ L1 }.

(4.21)

Comparing Eq. (4.20) and Eq. (4.21), it can be seen that all the pixels in Xmn that have
the labels from the set LC in fLC (x) originally had values from a single set L1 in fL (x).
This means that for every pixel in Xn there was at least one pixel in Xm linked to it by
its connected component. So all the pixels in the cluster(SRR) with label λn are linked
to pixels with label λm and hence can be merged into a single super class λ by virtue of
its pixel connectivity.
Algorithm 2 Merging pixels to obtain final SRR estimate
1: initialize Construct an empty l × l accumulator matrix A with amn representing
each element of A and m, n ∈ [1, l]
2: repeat
3:
for m = 1 to l do
4:
For every pixel having a label λm , define a MR2 × MR2 ROI around the pixel.
5:
Determine the class label of the all pixels in the ROI excluding the pixel under
consideration.
6:
Increment the value of amn , if there exists at least one pixel with the class label
λn , where n ∈ [1, l], in the ROI.
7:
If amm < amn then re-assign all the pixels having class label λm with λn .
8:
end for
9: until there are no more class re-assignments.
The number of cluster labels that remain after merging the clusters gives the final
estimate of the number of SRR’s in the image. Once the speckle related pixels are clustered into their respective SRR’s, morphological operations are used to assign the SRR
labels to the remaining pixels. Given an SRR, a binary image is formed by retaining
the pixels at that level as foreground pixels and resetting the remaining pixels to background. The holes in the binary image whose spatial locations do not overlap with the
pixels belonging to other SRR’s are morphologically filled and the pixels are assigned the
label of the SRR that is under consideration. The process is repeated until all the SRR’s
are covered. Let L denote the final estimate of the number of clusters and Iavg m denote
the average intensity of the mth SRR, then intensity of the pixels in the quantized image
fQ (x) takes on values in the range [Iavg 1 , Iavg L ] with Iavg 1 < Iavg 2 ... < Iavg L .
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4.4.2

Detecting and Segmenting the Carotid in Transverse Scan

The enhancement artefact is used as the landmark to detect and segment the carotid
artery. From the discussion in the previous Section, the SRR with the highest average
intensity is assigned the label L. So pixels in fQ (x) that have an intensity Iavg L belong to
the enhancement artefact. Since the carotid is theoretically anechoic, the pixels belonging
to the carotid have the lowest average intensity Iavg 1 in fQ (x). A binary image fbC (x) is
formed with all the pixels having intensity Iavg 1 , that lie above the pixels with intensity
Iavg L , as foreground pixels. Connected component labelling is then performed on fbC (x)
to determine the carotid candidates. Since the carotid appears as an ellipse, for every
component which is a carotid candidate an ellipse is constructed using linear least squares
method [184]. The carotid artery is detected and segmented from the list of candidates
by the use of local phase based methods.
In Chapter 2 several methods were discussed to determine the local phase in an image.
In this method, the scale invariant method of [61] is used to obtain the local phase image
φ(x). Once the local phase is calculated, the phase congruency or feature asymmetry is
obtained as:
b[|fe (x)| − |fo (x)|] − Ts c
,
(4.22)
FC(x) = p
fe (x)2 + fo (x)2 + 
where b.c denotes the flooring function to zero,
√
1 P
log( fe (x)2 +fo (x)2 )
MN
x
Ts = e
.

(4.23)

Here, fe (x) and fo (x) refer to the even and odd band-pass filters, the details of which
are given in Section 2.4. The carotid candidate with the highest number of pixels having
FC(x) > 0.45 within it is chosen as the most likely candidate for the carotid. The
pixels of this candidate are retained as foreground pixels in fbC (x), with the rest reset
to background pixels. The selected candidate is indeed the carotid and segmented in the
image f (x) if:
X
(fbC (x))(1 − H(φ(x))) > 0
(4.24)
x

and

r

b2
> 0.75,
(4.25)
a2
where, H(.) represents the Heaviside function and Ecc is the eccentricity of the candidate
ellipse with major axis a and minor axis b. The constants of Eq. (4.22) and Eq. (4.23) are
empirically chosen. Figure 4.13 shows the process of segmenting the carotid in transverse
US scans of the thyroid gland.
Ecc =

4.4.3

1−

Segmenting the remaining organs in Transverse Scans

Local phase based methods are employed once again to segment the rest of the organs
in transverse US scans. Once the carotid artery is detected and segmented, the next
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(a)

(b)

(c)

(d)

Figure 4.13: Sequence of images showing the segmentation of carotid in transverse US
scans where: (a) is the input US image;(b) is the quantized image fQ (x);
(c) is the image of the carotid candidates with pixels that have FC > 0.45
highlighted (in gray) and (d) is the segmented carotid (in red).
organ to be segmented is the trachea. The trachea is segmented by applying connected
component analysis to the complement of the binary image φ(x) given by:
φb (x) = (1 − H(φ(x)).

(4.26)
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(a)

(b)

(c)

(d)

Figure 4.14: Estimating the lower boundary of the thyroid gland. (a) Input image in
transverse scan; (b) Quantized image fQ (x); (c) Estimated lower boundary
of thyroid gland and (d) Segmentation results with the thyroid in Magenta,
the carotid in Red, muscles in Blue and the trachea in Green.
The largest and the deepest (towards the bottom of the image) component in φb (x) is
segmented as the Trachea.
The carotid artery is used as the landmark to segment the muscles. The muscles are
segmented by applying connected component analysis to the binary image φb (x) minus
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(a)

(b)

(c)

Figure 4.15: Establishing search region to segment thyroid gland in longitudinal scans.
(a) Input US image in longitudinal scan; (b) Quantized image fQ (x); and
(c) Binary search region fbMask (x) with GT overlay (in red).
the pixels belonging to the segmented trachea. The largest component above the carotid
is identified as the Omohyoid muscles. The components that lie within the bounding box
around it belong to the strap muscles. The pixels of the components that belong to the
Omohyoid and Strap muscles are together labelled as muscles in the segmented image.
Similar to the approach followed in Section 4.3.4, a search region is established in
between the carotid artery, trachea and the muscles in a binary image φ̄b (x) given by:
φ̄b (x) = dH(φ(x))e,

(4.27)

where, d.e stands for the ceiling operator. Pixels that are outside the search region are
set as background pixels in φ̄b (x). The edge pixels in f (x) (determined by the Canny
edge detector at a threshold of 0.4) that lie under a digital line given by [185]:
n = dr × me + c, ∀m ∈ [1, M ]and|r| ≤ 1,
n
m = d e + c, ∀n ∈ [1, N ]and|r| > 1,
r
where,
r=

yCr − yTr
xCr − xTr

or

(4.28)
(4.29)

(4.30)

and
c = yCr − rxCr or c = yTr − rxTr ,

(4.31)

belong to the lower boundary of the thyroid gland. The digital line runs from the highest
point in the trachea (close to the top of the image) to the centroid of the carotid artery.
A spline is fit to the edge pixels that lie below the digital line of Eq. (4.29) to remove
discontinuities in the lower boundary of the thyroid gland. All the foreground pixels in
φ̄b (x) that lie below the lower boundary of the thyroid gland are reset to background
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pixels. The foreground pixels that remain are segmented as the thyroid gland. Figure
4.14 shows the segmentation of the transverse US scans of thyroid gland along with the
estimated lower boundary of the thyroid gland.

4.4.4

Segmenting the longitudinal scans

In longitudinal scans, the thyroid gland is the first organ to be detected and segmented. The segmented thyroid is then used as a landmark to segment the muscles. The
thyroid gland is detected by applying intensity based thresholds to the quantized image
fQ (x). A search range is first established by forming a binary image fbMask (x) whose
foreground pixels are those that have an Iavg m in the range [I1, I2], I1 < Iavg m < I2, in
fQ (x). This range is empirically determined to be [50,200]. Figure 4.15 shows the search
region of the thyroid gland in longitudinal scan. It can be seen from Figure 4.15(c)
that some portions of the thyroid gland are missing due to the shadow artefact passing
through the tissue. This is the drawback of using intensity based methods to segment
US images. To suppress the effect of the shadow artefacts on the segmentation results,
a local phase based method similar to the one in the previous section is employed to
segment the thyroid gland in the search region.
To segment the thyroid gland in the search region, a binary image φ̄b (x) is obtained
using Eq.(4.27). Connected component labelling is then applied on this image. The pixels
that belong to the largest component in φ̄b (x) are retained as the foreground pixels. The
component is that of the thyroid gland if:
X
fbMask (x)φ̄b (x) > 0.
(4.32)
x

The segmented thyroid gland is used as the landmark to segment the muscles. Accordingly, a search region is established above the segmented thyroid gland in the binary
image 1 − fbMask (x). Connected component labelling is then performed on the binary
image to get a labelled image. For each row in the labelled image, the histogram of class
labels is obtained and the label at which the histogram peaks is stored in an accumulator
array. The total number of pixels belonging to each of the labels in the accumulator
array is then determined and the array is sorted in descending order. The top two labels
in the sorted accumulator array belong to the Omohyoid and Strap muscles. The pixels
that belong to these labels are labelled as muscles in the segmented image. Figure 4.16
shows the results of MODS in the longitudinal scan.
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(a)

(b)

Figure 4.16: Results of applying SPS based MODS algorithm on longitudinal scans.
(a) Input; and (b) Segmented image (thyroid in purple and muscles in
blue).
Similarity Metric

Pearson’s distance
SSD metric

Carotid detection accuracy
in transverse scans
(Set 1 - Transverse images
+ Set 2)
73.07%
100%

Thyroid detection accuracy
in longitudinal scans
(Set 1 - Longitudinal
images)
100%
100%

Table 4.1: Comparison between Pearson’s distance and SSD similarity metrics in terms
of the detection accuracy (in %) of (a) the carotid artery in transverse scans
of Set 1 and Set 2; and (b) the thyroid gland in longitudinal scans of Set 1.

4.5

Experimental results

In this Section, the metrics for qualitative and quantitative analysis introduced in
Chapter 3 are used to validate the performance of the MODS methods proposed in this
Chapter.
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Figure 4.17: Variation of estimated quantization levels with changes in threshold τ .
(a) Set 1: Transverse Scan; (b) Set 1: Longitudinal Scan; and (c) Set 2:
Transverse Scan. From the plots it can be observed that the number of
quantization levels (clusters formed) do not vary significantly For τ > 100.

4.5.1

Parameter selection

4.5.1.1

Three Category MODS system

The three category MODS system was implemented by setting the window size Nx ×
Ny to be equal to 41 × 41. A threshold of τ1 = 10 was used to classify the speckle pixels
into the three classes. The size of false positive candidate was set to M2 = 50 while
segmenting the carotid.
4.5.1.2

Multi-Category MODS system

The SRR estimation method of Section 4.4.1 is an agglomerative clustering algorithm.
The number of clusters formed converges to one (trivial solution) at large τ . In our
experiments, it is found that this happens for τ > 10000. Nevertheless, the number
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Figure 4.18: Performance analysis of the proposed quantization scheme with respect
to: (a) changes in the ROI size MR1 when the threshold τ is held
constant at 100 and (b) changes in the threshold τ when the ROI size
MR1 is held constant at 3. The Normalized Probabilistic Rand (NPR)
index has highest values at MR1 =3 and τ = 100.
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Figure 4.19: Sensitivity analysis for the constants used to segment: (a) the carotid
artery. Here Ecc and FC refer to the eccentricity and phase congruency, respectively; and (b) the thyroid gland in transverse and longitudinal scans,
respectively.
of SRR’s formed remains stable at 5 ± 2 for τ between 100 and 400. Further, from
the performance plots of Figure 4.18, it can be inferred the best performance of the
SRR estimation algorithm is seen at τ = 100 and MR1 = 3. Thus, all experiments
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Figure 4.20: Qualitative analysis of clustering methods to segment all organs in transverse scan. Comparison of MODS methods for US images in the longitudinal scan using (a) Probabilistic Rand Index (PRI). (b) Global Consistency
Error (GCE). (c) Variation of Information (VOI). and (d) Boundary Error
(BE in pixels). It can be inferred from the plots that the multi-category
clustering based segmentation produces better quality results with PRI
close to 1, GCE close to 0, VOI and BE lower than that of the three
category clustering based segmentation.
are conducted by setting τ and MR1 equal to 100 and 3, respectively. With regard to
the choice of metric used for similarity, Table 4.1 shows a comparative account of the
detection accuracies when Pearson’s metric and SSD metric are used to estimate the
number of SRR’s. It can be seen that the Pearson’s distance helps to positively identify
the carotid artery only in 73% of the cases in the transverse scans while it can positively
83

CHAPTER 4. UNSUPERVISED MODS METHODS

0.9

0.26

0.85

0.24

0.8

0.22
0.2
GCE

PRI

0.75
0.7
0.65

0.18
0.16
0.14

0.6

0.12

0.55

0.1

0.5

0.08
Three category clustering

Multi-Cetegory clustering

Three category clustering

Multi-Cetegory clustering

Method

Method

(a)

(b)

1.7
45

1.5

40

1.4

35

1.3
BE

VOI

1.6

1.2

30
25

1.1
1

20

0.9

15

0.8

10
Three category clustering

Multi-Cetegory clustering

Three category clustering

Multi-Cetegory clustering

Method

Method

(c)

(d)

Figure 4.21: Qualitative analysis of clustering methods to segment all organs in longitudinal scan. (a) Probabilistic Rand Index (PRI). (b) Global Consistency
Error (GCE). (c) Variation of Information (VOI). and (d) Boundary Error
(BE in pixels). It can be inferred from the plots that the multi-category
clustering based segmentation produces better quality results with PRI
close to 1, GCE close to 0, VOI and BE lower than that of the three
category clustering based segmentation.
help to detect the thyroid gland in 100% of the cases in the longitudinal scan. The SSD
metric on the other can detect to 100% both the carotid artery and the thyroid gland
in the transverse and longitudinal scans, respectively. Thus, SSD metric is the metric of
choice in our multi-category MODS framework.
A sensitivity analysis is undertaken to determine the values of the three constants:
(a) phase congruency (FC); (b) the eccentricity of the ellipse (Ecc); and (c) the intensity
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Method

Multi-category

Three category

JCR [170]
Chang [49]
Garg [133]
?
†

Dataset

Scan

SE

SP

DSC

PPV

S1

T

0.977 ± 0.010

0.855 ± 0.078

0.854 ± 0.040

0.862 ±0.063

S1

L

0.930 ± 0.044

0.940 ± 0.034

0.853 ± 0.069

0.790 ± 0.114

S2

T

0.958 ± 0.018

0.873 ± 0.083

0.810 ± 0.031

0.767 ± 0.081

SS

T

0.970 ± 0.013

0.864 ± 0.083

0.840 ± 0.040

0.827 ± 0.069

SS

L

0.941 ± 0.043

0.936 ± 0.035

0.866 ± 0.072

0.818 ± 0.116

S1

T

0.977 ± 0.017

0.819 ± 0.090

0.822 ±0.048

0.842 ±0.101

S1

L

0.933 ± 0.075

0.857 ± 0.107

0.811 ± 0.096

0.805 ± 0.162

S2

T

0.863 ± 0.122

0.636 ± 0.303

0.487 ± 0.270

0.460 ± 0.339

SS

T

0.955 ± 0.056

0.740 ± 0.270

0.702 ± 0.246

0.705 ± 0.280

SS

L

0.966 ± 0.015

0.844 ± 0.095

0.850 ± 0.051

0.867 ± 0.060

SS

T

0.679 ± 0.102

0.922 ± 0.077

0.490 ±0.067

0.337 ±0.060

SS

L

0.449 ± 0.038

0.930 ± 0.062

0.468 ± 0.064

0.315 ±0.053

SS

T

0.891 ± 0.106

0.662 ± 0.258

0.589 ± 0.199

0.598 ± 0.263

SS

L

0.856 ± 0.127

0.457 ± 0.389

0.435 ± 0.376

0.464 ± 0.431

SS

T

0.524 ± 0.157

0.955 ± 0.077

0.411 ± 0.074

0.264 ± 0.060

SS

L

0.421 ± 0.206

0.772 ± 0.370

0.388 ± 0.212

0.266 ± 0.161

Results are averaged over both experts.
Methods whose names are italicized represent multi-organ segmentation algorithms. Unsupervised
algorithms are listed first followed by supervised algorithms for every organ. The results of each
algorithm are sorted according to the dataset used from S1 to SS.
T = Transverse. L = Longitudinal. S1 = Set 1. S2 = Set 2. SS = Supervised Set. SE = Sensitivity.
SP = Specificity. DSC = Dice Co-efficient. PPV = Positive Predictive Value.
Best results are highlighted in Bold font.

Table 4.2: Performance analysis of the thyroid segmentation algorithms. It can be inferred from the Dice Co-efficient values that the Multi-Categoty clustering
based segmentation algorithm outperforms the remaining algorithms ? † .
range [I1, I2]. From the plots in Fig. 4.19, it can be inferred that the algorithm is robust
to changes in Ecc and changes in FC up to 0.55. The algorithm performs at its best at
low values of FC and high values of Ecc. Accordingly, the values of FC and ECC are set
to 0.45 and 0.77, respectively, in our experiments. For the thyroid gland in longitudinal
scans, the best performance is seen when the intensity is chosen in the range [50,200].

4.5.2

Validation

The datasets and the metrics introduced in Chapter 3 are used to validate the MODS
methods proposed in this chapter. The Joint Classification Regression (JCR) algorithm
proposed by Glocker et al. [170] to perform multi-organ segmentation in CT images of
the abdomen method is modified for use on US images so that it can be compared with
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Method

Dataset

Scan

SE

SP

DSC

PPV

S1

T

0.998 ± 0.002

0.886 ± 0.077

0.887 ± 0.037

0.897 ± 0.065

S2

T

0.999 ± 0.001

0.836 ± 0.072

0.881 ± 0.031

0.939 ±0.054

SS

T

0.997 ± 0.002

0.908 ± 0.056

0.892 ± 0.031

0.882 ±0.063

S1

T

0.995 ± 0.005

0.845 ±0.183

0.809 ±0.151

0.805 ±0.181

S2

T

0.986 ± 0.011

0.783 ±0.355

0.680 ±0.311

0.620 ±0.307

SS

T

0.992 ± 0.008

0.841 ±0.286

0.751 ±0.261

0.695 ±0.266

S1

T

0.935 ± 0.089

0.693 ±0.338

0.404 ±0.239

0.531 ±0.361

S2

T

0.875 ± 0.104

0.813 ±0.350

0.303 ±0.236

0.371 ±0.334

Star Kalman

S1

T

0.999 ± 0.001

0.576 ±0.212

0.700 ±0.154

0.982 ±0.044

[135]

S2

T

0.999 ± 0.001

0.566 ±0.197

0.702 ±0.166

0.998 ±0.003

Star Extended

S1

T

0.987 ± 0.032

0.932 ±0.099

0.827 ±0.167

0.793 ±0.177

Kalman [136]

S2

T

0.982 ± 0.018

0.930 ±0.143

0.757 ±0.125

0.692 ±0.212

Spoke Ellipse

S1

T

0.982 ± 0.030

0.935 ±0.090

0.742 ±0.206

0.667 ±0.244

[137]

S2

T

0.990 ± 0.008

0.962 ±0.036

0.839 ±0.073

0.755 ±0.120

JCR [170]

SS

T

0.965 ± 0.040

0.748 ±0.204

0.503 ±0.191

0.417 ±0.219

Multi-Category

Three Category

Star [134]

?
†

Results are averaged over both experts.
Methods whose names are italicized represent multi-organ segmentation algorithms. Unsupervised
algorithms are listed first followed by supervised algorithms for every organ. The results of each
algorithm are sorted according to the dataset used from S1 to SS.
T = Transverse. L = Longitudinal. S1 = Set 1. S2 = Set 2. SS = Supervised Set. SE = Sensitivity.
SP = Specificity. DSC = Dice Co-efficient. PPV = Positive Predictive Value.
Best results are highlighted in Bold font.

Table 4.3: Performance analysis of the carotid segmentation algorithms. It can be
inferred from the Dice Co-efficient values that the Multi-Categoty clustering
based segmentation algorithm outperforms the remaining algorithms ? † .
our methods. We use the adaptive weighted median filter of [49] is with a window size of
5 × 5 to filter the image for noise removal in our implementation of [170]. Five variants
of the box features are extracted from the filtered image. The box sizes vary between
5mm and 10mm, and displacements of the boxes are drawn from a [0,10mm] interval.
In all, 369 features are extracted per pixel in every organ from the training images in
the dataset SS. A total of 50 trees are trained by the method of Bagging. Each tree is
trained on a random subset of images that corresponds to 10% of the number of training
samples. From the pool of 369 features, 40 features are evaluated at each split node and
for each feature 10 different thresholds at equal intervals in the range of feature responses
is employed to evaluate the information gain. Signed distance maps are used to measure
the pairwise distance between every pixel in one organ to the nearest pixel of another
organ. In addition to the comparison with the JCR algorithm, the segmentation results
of the carotid artery and thyroid gland are compared with the existing methods for the
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Method

Multi-Category

Three catrgory

JCR [170]
?
†

Dataset

Scan

SE

SP

DSC

PPV

S1

T

0.975 ± 0.023

0.856 ±0.130

0.838± 0.074

0.850 ±0.120

S1

L

0.980 ± 0.026

0.689 ±0.237

0.712 ±0.203

0.823 ±0.246

S2

T

0.984 ± 0.010

0.729 ±0.151

0.786 ± 0.100

0.878 ±0.083

SS

T

0.978 ± 0.021

0.806 ±0.135

0.817 ± 0.075

0.859 ±0.118

SS

L

0.993 ± 0.008

0.819 ±0.103

0.878 ± 0.049

0.960 ±0.040

S1

T

0.980 ± 0.017

0.737 ±0.164

0.780 ±0.116

0.862 ±0.116

S1

L

0.959 ± 0.038

0.859 ±0.120

0.788 ± 0.106

0.780 ±0.201

S2

T

0.983 ± 0.016

0.601 ±0.254

0.676 ±0.195

0.855 ±0.117

SS

T

0.977 ± 0.017

0.676 ±0.202

0.732 ±0.148

0.841 ±0.114

SS

L

0.978 ± 0.025

0.839 ±0.114

0.853 ±0.051

0.894 ±0.106

SS

T

0.917 ± 0.035

0.624 ±0.258

0.556 ±0.160

0.551 ±0.145

SS

L

0.885 ± 0.043

0.940 ±0.031

0.745 ±0.108

0.632 ±0.148

Results are averaged over both experts.
Methods whose names are italicized represent multi-organ segmentation algorithms. Unsupervised
algorithms are listed first followed by supervised algorithms for every organ. The results of each
algorithm are sorted according to the dataset used from S1 to SS.
T = Transverse. L = Longitudinal. S1 = Set 1. S2 = Set 2. SS = Supervised Set. SE = Sensitivity.
SP = Specificity. DSC = Dice Co-efficient. PPV = Positive Predictive Value.
Best results are highlighted in Bold font.

Table 4.4: Performance analysis of the algorithms to segment the muscles. It can be
inferred from the DSC values that other than that of longitudinal scans of
Set 1, the Multi-category clustering based segmentation algorithm performs
better than other algorithms to segment the muscles ? † .
respective organs discussed in Chapter 2. The results of the comparison are summarized
in Tables 4.2, 4.3, 4.4 and 4.5.
It can be inferred from the DSC values in Tables 4.2-4.5, that the Multi-Category
MODS system method performs better than the existing methods used to segment both
individual and multiple organs. While the Multi-Category segmentation algorithm has
high Sensitivity and Specificity values for all the datasets and for all the organs, the
same cannot be said of the three category segmentation algorithm. The three category
segmentation algorithm has high sensitivity and specificity values only for organs in
images of dataset S1. Still, both perform better than the JCR method of [170]. Low
sensitivity and high specificity values by the thyroid segmentation algorithms of Garg
et al. [133] and JCR suggest over segmentation of the thyroid gland with the pixels not
belonging to the thyroid gland falsely labelled as thyroid gland. On the other hand the
method of Chang et al. [49] has high sensitivity and low specificity. This suggests that
a lot of pixels belonging to the thyroid gland were incorrectly identified as background
pixels in the segmented image. With regard to segmenting the carotid artery, except for
the extended Kalman algorithm of [186], the remaining do not perform as well as our
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Method

Multi-Category

Three category
JCR [170]
?
†

Dataset

Scan

SE

SP

DSC

PPV

S1

T

0.977 ± 0.018

0.880 ±0.092

0.850 ± 0.053

0.835 ±0.096

S2

T

0.956 ± 0.040

0.900 ±0.078

0.832 ± 0.085

0.804 ±0.156

SS

T

0.972 ± 0.026

0.907 ±0.080

0.856 ± 0.057

0.826 ±0.110

S1

T

0.963 ± 0.031

0.876 ±0.122

0.780 ±0.110

0.744 ±0.177

S2

T

0.977 ± 0.031

0.291 ±0.376

0.249 ±0.298

0.555 ±0.294

SS

T

0.955 ± 0.034

0.767 ±0.350

0.607 ±0.296

0.607 ±0.232

SS

T

0.862 ± 0.036

0.804 ±0.146

0.526 ±0.131

0.407 ±0.132

Results are averaged over both experts.
Methods whose names are italicized represent multi-organ segmentation algorithms. Unsupervised
algorithms are listed first followed by supervised algorithms for every organ. The results of each
algorithm are sorted according to the dataset used from S1 to SS.
T = Transverse. L = Longitudinal. S1 = Set 1. S2 = Set 2. SS = Supervised Set. SE = Sensitivity.
SP = Specificity. DSC = Dice Co-efficient. PPV = Positive Predictive Value.
Best results are highlighted in Bold font.

Table 4.5: Performance analysis of the algorithms to segment the trachea. From the
DSC values, it can be inferred that the Multi-category clustering based
segmentation algorithm performs better than other algorithms to segment
the trachea ? † .
methods.
From the plots of Figures 4.20 and 4.21, it can be seen that the Multi-category MODS
system performs better than the Three Category MODS segmentation algorithm. A full
comparison with the MODS systems is carried out in the next Chapter.

4.6

Summary

 An in depth review of the state-of-the-art multi-organ segmentation algorithms was
undertaken in this chapter.
 Two new unsupervised methods were proposed for MODS in the ultrasound images
of the thyroid gland.
 The first of the two methods is called the Three Category MODS system. In this
method, the speckle related pixels are clustered into three echogenic classes based
on its relative brightness in a kernel. An energy based model is then used to detect
the carotid artery in the labelled image (image whose pixels are labelled with the
cluster number). The carotid artery is used as a landmark to detect and segment
the remaining organs in the image.
 The second method is called the Multi-Category MODS system. In this method, an
agglomerative clustering constrained with a similarity metric is proposed to cluster
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the speckle related pixels into an unknown number of echogenic classes. The total
number of class labels generated at the end of the clustering determines the number
of echogenic classes in the image. This process is viewed as a quantization of the
speckle related pixels into levels that are determined by the tissue echogenicity.
The enhancement artefact is then detected in the quantized image which is in
turn used as a landmark to detect the carotid artery. The carotid artery is used
as a landmark to detect the remaining organs. All organs are segmented by the
application of region based local phase methods.
 From the results of the qualitative analysis, it can be inferred that the MultiCategory MODS system performs better than the three category MODS system.
 The results of the quantitative analysis proves that the Multi-Category MODS
algorithm outperforms the existing methods proposed to perform both individual
and multi-category segmentation in ultrasound images of the thyroid gland.
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Chapter 5
Self-learning for MODS in US
images
Self-learning-based approaches for computer vision problems are relatively new in
the community and have recently found applications to image denoising [187] and image/video deblocking [188]. In a first of its kind attempt, a self-learning based approach
is proposed in this Chapter to perform landmark based multi-organ segmentation in US
images of the thyroid gland. In this method, an initial unsupervised algorithm drives the
subsequent supervised algorithm that is trained on the results of the unsupervised algorithm. This is where our method differs from semi-supervised methods. Semi-supervised
methods use unsupervised algorithms to restrict the search region in the image and then
employ supervised algorithms trained on external annotated datasets to perform segmentation. We start with the premise that the input image is unlabelled and use local-phasebased methods to detect and segment hypo-echoic anatomical structures (carotid, trachea
and muscles) in an unsupervised manner. The relative position of the segmented hypoechoic structures with respect to the hyper-echoic anatomical structures (subcutaneous
fat, thyroid, artefacts and soft tissue) are used as priors to automatically generate the
training samples to train a Random Forests classifier and classify the unlabelled pixels.
Figure 5.1 shows the self-learning MODS framework.

5.1

Detecting Hypo-Echoic regions

The first step of this method is to detect the hypoechoic regions in the image. This
is done by using local phase based methods. Local phase, φ(x), and local energy, E,
are estimated using the methods outlined in Section 2.4. The scale invariant method
of [61] is used in this method to estimate the local phase and energy in the input US
image. Once the local features are calculated, the binary image fhypo (x) containing the
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Figure 5.1: Flow diagram of the Self-learning MODS system.
hypoechoic regions is formed by Eq. (5.1):


 1
fhypo (x) =

 0

if φ(x) < 0
.

(5.1)

Otherwise

The complement of fhypo (x) represents the binary mask for the hyper-echoic regions
fMH (x):
fMH (x) = 1 − fhypo (x)

(5.2)

Figure 5.2 shows an input image of a thyroid gland in the transverse scan and its corresponding hypo-echoic binary image fhypo (x).

5.2

Segmenting Hypo-Echoic regions

The hypoechoic anatomical landmarks of significance in the transverse scan are the
trachea, the carotid and the strap muscles.

91

CHAPTER 5. SELF-LEARNING FOR MODS IN US IMAGES

(a) Input

(b) fhypo (x)

Figure 5.2: (a)Ultrasound image of the left lobe of a thyroid gland in the transverse
scan and (b) its corresponding binary hypo-echoic region.

5.2.1

Segmenting the trachea

The trachea is found in between the two lobes of the thyroid gland under the isthmus.
It is cylindrical in shape and runs through the length of the throat. In 2D US images of
thyroid gland, only the top of the cross-section is visible as a semi-circle when the probe
is placed directly over the isthmus. But, during routine scans of the thyroid gland, one
lobe is scanned at a time, thus making it possible to visualize only a portion of the top
tracheal surface. The methods to (a) detect the top tracheal boundary; and (b) estimate
its anterior boundary, are discussed in this section on segmenting the trachea in 2D US
images of the thyroid gland. The steps to be followed to segment the trachea are outlined
in Algorithm 3 and are described in detail in the lines that follow.
Detection: Trachea is detected and segmented by subjecting fhypo (x) to morphological
erosion and connected component analysis. The largest hypo-echoic component that
is close to the bottom of the image is labelled as the tracheal candidate ftrc cand (x).
Best results for the tracheal candidate are observed when experiments are performed
with the disk type structural element of radius 2 pixels for morphological erosion and 8
connectivity for connected component analysis. Figure 5.3a shows the detected tracheal
candidate.
Segmentation: US imaging of the thyroid gland is usually performed at centre frequencies
around 10Mhz. At this frequency of operation, the lower boundary of the trachea is not
visible in the images and has to be approximated by making use of anatomical landmarks
such as the soft tissue layer in between the thyroid gland and the Omohyoid muscles.
The cross-section of trachea being circular and with only the top boundary of this cross92
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Algorithm 3 Segmenting the trachea
1:
2:
3:
4:
5:
6:

initialize Choose the binary image fhypo (x) which contains the hypo-echoic regions
as its foreground
Select the largest hypo-echoic component attached to the bottom of the image as the
tracheal candidate fTrc Cand (x)
Determine xTrc Est which denotes the approximate depth of the anterior boundary of
trachea
Determine the axis of symmetry xTrc Mid
Flip a copy of the upper half of the trachea about the axis of symmetry to segment
the trachea
Refine the segmentation results by stretching the segmented trachea up to its true
depth xTrc Act

(a)

(b)

Figure 5.3: Segmenting the trachea. (a). The Tracheal candidate: ftrc cand . (b) Estimating the
lower boundary of trachea (GT1 = Ground Truth by Expert 1; GT2 = Ground Truth
by Expert 2;xtrc top = Top non-zero row in ftrc cand ; ftrc cand = Upper half of trachea;
xtrc mid = axis of symmetry; xtrc est = Approximate row index of lower boundary of
trachea; xtrc tct = Actual row index of lower boundary of the trachea)

section visible as a semi-circle, it is necessary to determine the axis-of symmetry about
which a copy of the top surface can be flipped so that the lower half of the trachea can
be estimated.
The approximate depth of the lower boundary xtrc est is determined to be the row
x ∈ [1, m] in ftrc cand (x) at which the foreground pixels occupy more than half the number
of columns n of the image in that row. The axis of symmetry is then determined to be the
arithmetic mean of xtrc est and the index of the first non-zero row xtrc top in ftrc cand (x).All
the pixels that lie in between xtrc mid and xtrc est in ftrc cand (x) belongs to the upper part
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of the trachea ftrc u (x). An initial segmentation of the trachea is obtained by flipping
a copy of ftrc u (x) about xtrc mid so that the segmented trachea ftrc (x) spans between
xtrc top and xtrc est .
This is not the final segmentation as a closer look at the image in figure 5.3b, shows
that the actual depth of the trachea xtrc act is much lower than xtrc est . From Fig. 5.3(b),
it can be seen that the lowermost point of the trachea (where the contours of the Ground
Truth segmentations provided by two expert doctors (GT1 and GT2) approximately
meet) is at the same depth as that of the soft tissue that separates the thyroid gland
from the Omohyoid muscles. The segmentation results are refined after the thyroid gland
is segmented by the method described in Section 5.3.

5.2.2

Segmenting the carotid

The carotid artery appears hypo-echoic in the US image of the thyroid gland due
to the presence of blood in it. The inherent characteristic of fluid filled tissues is that
they contain very few scatterers. This means that the speckle signature of fluid filled
structures such as the carotid artery or cysts is very less. Thus the carotid artery is
the component in fhypo (x), that has the lowest number of speckle related pixels in f (x)
and the highest average local energy, E. The local energy is computed using the method
described in Section 2.4. The steps involved in segmenting the carotid artery are outlined
in Algorithm 4.
Assuming that the speckles in US images appear to be like blobs, the pixels related
to speckles are obtained by applying the Hessian of Gaussian method [166]. The eigenvalues of the Hessian matrix obtained in an image patch that is filtered by a Gaussian
kernel indicate the curvature of the blob-like structure in the direction denoted by its
eigenvector.
Let λ1 and λ2 denote the eigenvalues of the Hessian Matrix:

 2
2
H(f ) = 

∂ f (x)
∂2x
∂ 2 f (x)
∂y∂x

∂ f (x)
∂x∂y 
.
∂ 2 f (x)
∂2y

(5.3)

A pixel is said to belong to a speckle if both λ1 < 0 and λ2 < 0. The scale of Gaussian
kernel plays an important role in the detection of speckle related pixels in the image. The
higher the scale, the lower is the detection of significant speckle related pixels. Significant
speckle related pixels refer to a group of pixels that actually resemble a blob. With high
scales, the possibility of obtaining a large number of unconnected pixels as speckles is
high. Scale values in the range 4-10 were found to provide optimal results in the proposed
method. It is this step that helps in positively detecting the carotid in the presence of
cysts or other disorders in the thyroid gland.
Let the binary image fhypo (x) minus the largest tracheal component be denoted by
fcar (x). All the pixels that do not belong to the carotid component are reset to background in fcar (x). To segment the carotid artery, an edge detector (Canny’s with 0.4
threshold) is first applied to the input image f (x) to obtain an edge map fedge (x). For
94

CHAPTER 5. SELF-LEARNING FOR MODS IN US IMAGES

(a)

(b)

(c)

Figure 5.4: Segmented (a) trachea ftrc (x), (b) carotid fcar (x) and (b) muscles fmusc (x)
in the input US image of Figure 5.2(a).
every pixel on the boundary of the detected carotid in fcar (x) the pixel that is closest to
it (in terms of Euclidean distance) is retained in fedge (x) with the rest set to background
pixels. The carotid is then segmented by fitting an ellipse using the least squares method
with the trace constraint to the points retained in fedge (x). Figure 5.4(b) shows the
segmented carotid fcar (x) for the input in Figure 5.2.
Algorithm 4 Segmenting the carotid artery
1: initialize Choose the binary image fhypo (x) which contains the hypo-echoic regions
as its foreground
2: Reset to background in fhypo (x) all the pixels that correspond to the trachea in fTrc (x)
Apply Gaussian filter with σ ∈ [4, 10] to f( x)
Determine the Hessian matrix for the region within the Gaussian Kernel
Obtain the eigenvalues of the Hessian matrix
Determine the pixels belonging to Speckles
Apply the binary mask fhypo (x) on f( x) and retain only the pixels belonging to
speckles as carotid candidates fCar (x)
8: Segment as carotid artery the component in fhypo (x) that has the lowest number of
speckles in fCar (x)

3:
4:
5:
6:
7:

5.2.3

Segmenting the muscles

The largest component of fhypo (x) that is above the carotid and trachea belongs to
the strap muscles. The muscles are segmented by including all the components that lie
within the rows of fhypo (x) that contain the largest component above the carotid and
trachea as foreground pixels in a binary image fmusc (x). In longitudinal scans the largest
component of muscle in fhypo (x) is identified to be the one that lies spatially above the
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(a)

(b)

Figure 5.5: Approximating the anterior boundary of the thyroid gland in transverse
scans. (a) Input US image in the transverse scan; (b) Semicircle of interest
(in white) that contains the lower boundary of the thyroid gland (in purple).
The diameter of this semicircle is the distance between the mid-point of
the points in black (the centroid of carotid and point on its boundary
closest to the trachea in the same line) and the point in column of the
image containing the highest point on trachea (point of intersection of line
segments in orange).
largest component in fMH (x). Figure 5.4(c) shows the segmented muscles fmusc (x) for
the input in Figure 5.2.

5.3

Thyroid and Soft Tissue Segmentation

This part of the algorithm deals with classifying the foreground pixels of fMH (x), into
thyroid gland and non-thyroid tissue, respectively by using the Random Forests [189]
classifier. The training samples for the classifier come from within the image to be
segmented and not from a pool of external training dataset. This is the self-learning part
of the proposed method.
The positions of the carotid and trachea relative to the thyroid are used to generate
the training pixels in the transverse scans. Figure 4.11 illustrates the procedure to generate the training samples. The non zero pixels in fMH (x) that lie in between the carotid
boundary and trachea boundary in the row containing the centroid of the carotid are chosen as training pixels for the thyroid gland. The non-zero pixels in ftrc (x) and fcar (x) that
lie on the same line are chosen as the training pixels for carotid and trachea, respectively.
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Since the organ of interest here is the thyroid, the training pixels of the thyroid forms the
positive class and that of the carotid and trachea form the negative class. The tissue that
below the thyroid gland has the same echogenicity as that of the soft-tissue above the
muscles. The location of this tissue in f (x) will determine the bottom boundary of the
thyroid and the trachea. Hence, pixels that have the highest intensity in every column
of the image above the muscles are also chosen as training samples for the negative class
in addition to the pixels of carotid and trachea. As this method: (a) generates training
samples; (b) trains classifier; and (c) performs the classification; choosing all the pixels
of the segmented carotid and trachea for training samples for negative class will lead
to longer execution times. In longitudinal scans, the training pixels for the thyroid are
obtained from the non-zero pixels in fMH (x) that lie mid-way between the muscles and
the region of fhypo (x) located spatially underneath the largest component in fMH (x).
Denoting the row and column indices of the centroid of the carotid artery by xc car
and yc car , the set of all hypo-echoic pixels that form a part of the negative training set
is given by:
FNeg Hypo = {(x, y) : fcar (x, y) > 0, ftrc (x, y) > 0, x = xc car and y ∈ [1, N ]},

(5.4)

where, N is the number of columns in the image. The hyper-echoic soft-tissue pixels
above the muscles also form a part of the negative training set given by:
FNeg Hyper = {(x, y) : ∀xi f (x, y) > f (xi , y); x, xi ∈ [1, xmsc top ], x 6= xi and y ∈ [1, N ]}.
(5.5)
The set of all the pixels that form the negative training set is given by:
FNeg = FNeg Hypo ∪ FNeg Hyper

(5.6)

Similarly, the set of pixels that form a part of the positive training set is given by:
FPos = {(x, y) : fMH (x, y) > 0, x = xc car and y ∈ [1, N ]}.

(5.7)

The set of all the training samples is given by:
FTrain = FPos ∪ FNeg

(5.8)

The remaining non-zero pixels of fMH (x) that are not a part of the training set are
classified into the thyroid and non-thyroid tissue. Random forests with 500 trees that
are trained with local phase, energy and orientation as features are used to perform the
supervised classification of pixels in fMH (x). It is the use of noise robust local phase
based features that makes it possible for the use of a pixel level classifier in the proposed
method. The binary image fthy (x) with the pixels of the positive class as foreground
pixels contains the segmented thyroid gland.
In certain images, the hyper-echoic tissue underneath the thyroid gland may be absent. This will lead the segmentation to leak into the region below the thyroid gland.
Under such circumstances some sort of regularization needs to be applied to prevent
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(a)

(b)

(c)

(d)

Figure 5.6: Segmenting thyroid and soft tissue in transverse scans using self supervised learning:
(a) input image; (b). training pixels for carotid and trachea (pixels in white indicate
training samples); (c) training samples for the thyroid and soft tissue (pixels in white
at the top and bottom are for soft tissue and thyroid, respectively); and (d) segmented
thyroid (gray) and soft tissue (white)

segmentation leaks. In transverse scans, the lower boundary of the thyroid gland is fully
contained in an imaginary semicircle whose centre lies in the row of the image containing
the centroid of the carotid as illustrated in Figure 5.5. All the pixels that lie outside and
below this circle are identified as false positive thyroid pixels and are reset to background
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in the segmented image. The assumption of the lower boundary of the thyroid gland
to be fully contained in a circle is valid as the standard geometrical approximation of a
thyroid is an ellipsoid in the literature on volumetric analysis of the thyroid gland [10,14].
Denoting the column index of the pixel that lies on the boundary of the carotid artery
and facing the segmented trachea by ycar trc , the mid point on the line connecting this
point and the centroid of carotid is given by:
yc car + ycar trc
)
(5.9)
2
In section 5.2.1, the row index of the pixel corresponding to the top of the trachea
was denoted by xtrc top . Denoting the column index of the same pixel to be ytrc top , let
the point of intersection of a vertical line passing through ytrc top and xc car be denoted by
(xc car , ytrc top ). The radius of the semicircle containing the lower boundary of the thyroid
gland is then given by:
ytrc top − yct
rthy = |
|.
(5.10)
2
All the pixels of fthy (x) that lie below this semi-circle are reset to 0. The binary image
fthy (x) now contains the thyroid gland fully segmented. Figure 5.6 shows the result of
segmenting the thyroid gland in transverse scan using the self-learning method.
It was observed in Fig.5.3, that the actual lower boundary of the trachea lies at the
depth of the soft-tissue separating the thyroid gland and the Omohyoid muscles. This
depth xtrc act is estimated to be the depth of the largest hyper-echoic component resulting
after the classification by the self-learning method just described. Looking at Fig. 5.6(d),
this corresponds to the row index of the bright streak (in white) directly underneath the
thyroid gland (in gray) that spans almost the width of the thyroid gland itself. The
lower boundary of the trachea in ftrc (x) is extended up to this point. This completes the
MODS in US images of the thyroid gland using the self-learning method.
(xct , yct ) = (xc car ,

5.4

Experimental results and discussion

Figure 5.7 shows the results of the proposed MODS algorithm in transverse and
longitudinal US scans of the thyroid gland. The success of the carotid detector in Section
5.2.2 depends on the size of the blob and the size of the structuring element (SE). The
plot in Fig. 5.8 shows that the best detection accuracy is obtained for a disk type SE
of size 5 pixels and blob size greater than 4 and less than 10. Here, the carotid is said
to be detected if FS ∩ FGT 6= ∅, where, FS and FGT are the set of pixels belonging to
the bounding boxes containing the carotid segmented by the proposed method and GT
carotid segmentation, respectively. The proposed algorithm is validated for performance
by the qualitative and quantitative measures described in Section 3.4. The results of
qualitative analysis are summarized in Table 5.1. The results of quantitative analysis on
transverse and longitudinal scans are summarized in Tables 5.2 and 5.3, respectively.
Referring to Table 5.1, it can be seen that for both transverse and longitudinal scans,
the PRI values are close to 1, GCE values are close to 0, and VOI values are also low. It
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Figure 5.7: MODS results (bottom row) in input US images of the normal thyroid gland
(top row) with the second and third rows consisting of manual segmentations by expert 1 and expert 2, respectively.
BE

BE

(pixels)

(mm)

1.133 ±0.220

11.965 ±2.900

0.89 ±0.22

1.01 ±0.187

14.0 ±3.05

1.17 ±0.21

Dataset

PRI

GCE

VOI

Transverse

0.860 ±0.037

0.179 ±0.047

Longitudinal

0.835 ±0.043

0.169 ±0.041

PRI = Probabilistic Rand Index. GCE = Global Consistency Error. VOI = Variation of
Information BE = Boundary Error.

Table 5.1: Qualitative analysis of the proposed MOS algorithm. It can be seen
that PRI is close to 1 and GCE is close to 0 which suggests that
the algorithm is capable od producing good quality results.
is interesting to note that the BE values are approximately around 11 pixels or close to
1 mm, which means that the proposed segmentation algorithm can produce results at 1
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Figure 5.8: Plot of the carotid detector accuracy vs. blob size and size of the structuring
element.
Organ

GT

SE

SP

DSC

PPV

Thyroid

E1

0.973 ±0.025

0.863 ±0.087

0.857 ±0.050

0.867 ±0.098

E2

0.963 ±0.024

0.905 ±0.075

0.843 ±0.047

0.800 ±0.087

E1

0.997 ±0.003

0.886 ±0.0767

0.874 ±0.043

0.878 ±0.103

E2

0.996 ±0.002

0.941 ±0.057

0.877 ±0.043

0.829 ±0.085

E1

0.992 ±0.006

0.738 ±0.123

0.826 ±0.084

0.952 ±0.030

E2

0.967 ±0.017

0.920 ±0.080

0.843 ±0.061

0.785 ±0.085

E1

0.980 ±0.022

0.923 ±0.050

0.882 ±0.071

0.854 ±0.117

E2

0.971 ±0.019

0.933 ±0.059

0.844 ±0.081

0.785 ±0.129

Carotid
Muscles
Trachea
?

E1 = Expert 1. E2 = Expert 2. SE = Sensitivity. SP = Specificity. DSC =
Dice Co-efficient. PPV = Positive Predictive Value. GT = Ground Truth.

Table 5.2: Quantitative analysis on the transverse scans ? .
Organ

GT

SE

SP

DSC

PPV

Thyroid

E1

0.947 ±0.031

0.903 ±0.073

0.863 ±0.046

0.834 ±0.075

E2

0.922 ±0.048

0.933 ±0.076

0.820 ±0.079

0.747 ±0.124

E1

0.995 ±0.007

0.625 ±0.223

0.734 ±0.189

0.971 ±0.025

E2

0.963 ±0.035

0.851 ±0.180

0.782 ±0.104

0.769 ±0.123

Muscles
?

E1 = Expert 1. E2 = Expert 2. SE = Sensitivity. SP = Specificity. DSC =
Dice Co-efficient. PPV = Positive Predictive Value. GT =Ground Truth.

Table 5.3: Quantitative analysis on the longitudinal scans

?
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Figure 5.9: Comparison of MODS methods for US images in the transverse scan using
(a) Probabilistic Rand Index (PRI). (b) Global Consistency Error (GCE).
(c) Variation of Information (VOI). and (d) Boundary Error (BE). Of the
four methods that are compared it can be seen that high quality results are
obtained by the multi-category clustering algorithm which is followed by
the Self-learning and Three category segmentation algorithms. The results
of the JCR algorithm, however, are not of good quality.
mm accuracy. Such high accuracy is preferred when performing volume analysis of the
thyroid gland where an offset of the segmentation result by more than a few millimetres
can result in a large underestimation or overestimation of the gland volume. Looking at
the plots in Figures 5.9 and 5.10, it can be observed that the quality of segmentation by
the self-learning method is close to the Multi-Category segmentation algorithm of Section
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Figure 5.10: Comparison of MODS methods for US images in the longitudinal scan
using (a) Probabilistic Rand Index (PRI). (b) Global Consistency Error
(GCE). (c) Variation of Information (VOI). and (d) Boundary Error (BE).
It can be inferred from the plots that, for longitudinal scans, high quality
results are obtained by the multi-category clustering algorithm, followed
by the Three category and Self-learning based segmentation algorithms.
The results of the JCR algorithm, are again not of good quality.
4.4 and better than the JCR method of [170]. Images in the testing set of the dataset SS
were used to generate the plots as the JCR is a supervised segmentation algorithm. But
these plots do not provide any information with regard to the accuracy of segmenting
individual organs. To measure this we employ the methods introduced in Section 3.4.2.2.
From Tables 5.2 and 5.3, it can be seen that the average Sensitivity is above 0.94 for
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all the anatomical structures in both the scans. This suggests that the probability of not
detecting any anatomical structure of interest is low. The average specificity values for all
the organs except the muscles are above 0.9 when compared to the GT provided by Expert
2 and above 0.85 when the GT is that of Expert 1. High values of specificity for thyroid in
both the scans, carotid and trachea in the transverse scans indicate that the probability of
the algorithm to misclassify each of the anatomical structures is low. The muscles when
seen in a US image has layers separated by fatty tissue layers. While Expert 1 had a
tendency to include the fatty tissue as a part of the muscle region, Expert 2 excluded such
layers from the region. This explains the discrepancy in the specificity and DSC values
between the two observers. This also explains why the Specificity values are below 0.85
for the muscles. High values of average PPV values indicate the low occurrence of false
positive segmentations and better performance of the proposed method. The average
DSC value for both the observers is more than 0.84 for all the organs in transverse
scans, while in the longitudinal scans it is around 0.84 and 0.76 for thyroid and muscles,
respectively.
Table 5.4 shows the performance of the proposed method on multi-vendor datasets.
It can be seen that the proposed method performs well on multi-vendor datasets demonstrating the robustness of the proposed method to changes in gain settings.

5.4.1

On the choice of classifier

In Section 5.3 a pixel level Random Rorests (RF) classifier was implemented to classify the pixels belonging the hyper-echoic regions into the thyroid and non-thyroid tissue.
Since the classification is pixel based with known number of classes and low dimensionality of the feature vector (3 in this case), it is natural to think of using clustering
based approaches to perform classification. Table 5.5 summarizes the results of the proposed method, in terms of DSC values averaged over all the images, when classification
is performed by using nearest neighbour clustering (k-NN with k=10). In addition, a
Neural Networks (NN) classifier with mean squared error (MSE) goal of 0.0001 is also
implemented for comparative purposes. It can be seen that the performance of all three
classification schemes are comparable to each other with the RF classifier performing
slightly better than the others. Hence, a pixel level RF classifier is chosen in the proposed
method. The times taken by the proposed method to detect and segment all the organs
in transverse (longitudinal) scans are 22.44±3.52 (42.61±6.07)s, 1.15±0.17 (4.87±0.33)s
and 20.26 ± 4.32 (57.09 ± 42.52)s respectively for RF based, k-NN based and NN based
self-learning methods. RF based method is chosen in this research work for its segmentation accuracy over the other two methods. The k-NN based method can be used in
applications that demand real time execution of the MODS algorithm.

5.4.2

Applications

The goal of this work is to provide with a unified framework to: (a) detect carotid
for guided interventions; and (b) segment thyroid for volume estimation.
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Dataset

Thyroid

Carotid

Muscles

Trachea

S1

0.85 ±0.05

0.88 ±0.04

0.84 ±0.07

0.86 ±0.08

S2

0.81 ±0.03

0.88 ±0.03

0.79 ±0.10

0.83 ±0.09

S1 = Dataset 1. S2 = Dataset 2. DSC = Dice Co-efficient.

Table 5.4: Performance on multi-vendor datasets in
terms of DSC overlap values averaged over
both the experts.
GT
Thy

k-NN

NN

T

L

T

L

T

L

E1

0.86±0.05

0.86±0.05

0.85 ±0.08

0.84

0.85 ±0.04

0.71 ±0.14

E2

0.85 ± 0.05

0.82± 0.08

0.83 ±0.05

0.81 ±0.09

0.82 ±0.05

0.70 ±0.12

22.34 ±3.52

42.56 ±6.06

1.04±0.17

4.82±0.33

19.50 ±4.30

56.93 ±42.5

Time (s)
?

RF

E1 and E2 stand for expert 1 and expert 2, respectively; RF with 500 trees, k-NN with k=10 and
MSE goal of NN = 0.0001. RF = Random Forests. k-NN = K-Nearest Neighbors. NN = Neural
Networks. MSE = Mean Squared Error. GT = Ground Truth. s = Time in Seconds.
Best results are highlighted in Bold font.

Table 5.5: DSC overlap values of the segmented thyroid gland (Thy) using selflearning with different classifiers. While segmentation using the k-NN classifier is the fastest amongst the three, The RF classifier is seen to produce
the best results in terms of the DSC metric. ?
5.4.2.1

Carotid detection for guided interventions

The proposed method is compared with existing methods by executing it on a public
database consisting of 971 thyroid US images in transverse scans. The acquisition details
and the link to the database can be found in [138]. The results of comparison are
provided in Table 5.6. From the table it can be observed that the proposed method
performs better than the reported performance in [138] of other methods on the same
dataset. It should also be noted that the database consists of images acquired using
Ultrasonix and Toshiba US imaging machines, thereby proving again the robustness of
the proposed method to detect carotid artery in multi-vendor datasets under unknown
acquisition settings. The proposed algorithm is capable of detecting and segmenting the
carotid artery in the presence of abnormalities in the thyroid gland. Figure 5.11 shows
the results of the carotid detector on two images of the thyroid gland and one general
US image of the neck (Fig. 5.11b) with abnormality.
5.4.2.2

Thyroid segmentation for volumetric analysis

The proposed algorithm can be extended to thyroid volume estimation by considering
the segmented thyroid in Section 5.3. The depth and width of the thyroid are obtained
at approximately the centre of the segmented thyroid in between the carotid and the
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 5.11: Carotid artery detection and segmentation results (bottom row in red) for
input US images (top row) of: (a, d) thyroid gland with cyst;(b, e) thyroid
gland with hypoechoic nodule; and (c, f) thyroid gland with isoechoic
nodule.
Proposed
method

a

Riha et al.
[138]

b

Golemati et al.
[186]

SE (%)

99

97

83

(# Images)

(971)

(971)

(750)

b

a

Images used are from the dataset made publicly available by Riha et al. [138]
b
Values and images are as reported in [138] for comparison.
SE = Sensitivity.
Best results are highlighted in Bold font.

Table 5.6: Comparison with existing carotid detection algorithms.
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Diff
Methods

a

Case 1

Case 2

Case 3

Case 4

(ml)

(ml)

(ml)

(ml)

MSE

b

Ellipsoid Model of Eq. (1.3)
Brown et al. [7]

0.086

0.261

0.002

0.726

0.269

Brunn et al. [15]

0.072

0.219

0.002

0.608

0.225

Linear Model of Eq. (1.4)
Ruggeri et al. [17]
Vlobe using Eq. (1.3)

0.133

0.403

0.004

1.119

0.415

Vlobe using Eq. (1.5)

2.717

0.450

3.019

1.914

5.100

a
b

Absolute difference between automatically estimated TV and GT.
Mean square error between automatically estimated TV and GT.
Diff = Difference in volume. MSE = Mean Squared Error. TV =
Thyroid Volume. GT = Ground Truth.
Best results are highlighted in Bold font.

Table 5.7: Volume estimation of thyroid lobe by the proposed method. Of the different variants of Ellipsoid method, the method proposed by Brunn
et al. [15] is seen to give the best results.
trachea in the transverse scans. The length of the thyroid gland is the maximum length
of the segmented thyroid in the longitudinal scan. By plugging in the estimated length,
width, area, and depth of the segmented thyroid gland into Eq. (1.3), its volume can be
calculated. Table 5.7 shows the results of volume estimation of thyroid lobes on 4 cases
that were acquired at Tan Tock Seng Hospital, Singapore, using Hitachi HI Vision Avius
Ultrasound equipped with an L75 5-18MHz probe. Of the four cases, 3 cases were of
the right thyroid lobe and one was of the left thyroid lobe. The ground truth volume is
determined manually by an expert sonographer with the help of digital calipers provided
in the US machine. It can be observed from the table that the volume estimation method
proposed by Brunn et al. [15] gives the lowest MSE with respect to the GT lobe volume
which proves that the correction for bias does indeed help in improving the estimation
accuracy of the ellipsoid method. The full volume of the thyroid gland can be obtained
by summing the volumes of each lobe together with the isthmus. This research presents
preliminary results of TV estimation using the proposed method. For a complete picture
on the usefulness of the proposed method for volume estimation, the results have to be
compared with the volume estimated using MRI and post-operative volume estimated
using water displacement techniques which is considered as one of the immediate future
works.
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5.5

Summary

 A self-learning multiorgan detection and segmentation algorithm is proposed in this
chapter.
 In this method, the speckle related pixels are classified into the respective echogenic
classes by the use of local phase based methods. The carotid artery and the trachea
are detected from the binary image containing the hypoechoic pixels as foreground
pixels. The pixels of the carotid artery and trachea along with the pixels that lie
in the region between them are used to train a random forests classifier to classify
the remaining pixels that belong to the hyperechoic tissue into the thyroid gland
and background pixels.
 From the plots in Figures 5.9 and 5.10, it can be inferred that the Multi-Category
segmentation introduced in Chapter 4 is the best for MODS in US images of the
thyroid gland and is closely followed by the Self-learning method introduced in this
chapter.
 Applications of this method to track the carotid artery and perform volumetric
analysis are also discussed in this chapter.
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Chapter 6
Conclusion and Future Works
6.1

Conclusion

Segmentation algorithms for the ultrasound images of the thyroid gland are developed
with the aim of helping a doctor to perform: (a) volumetric analysis for radiotherapy; or
(b) guided interventions. While binary segmentation algorithms to segment the thyroid
gland or carotid artery do exist, a unified framework that can do both has not been
proposed so far. The motivations to take up this research work on devising multi-organ
detection and segmentation algorithms for the ultrasound images of the thyroid gland
are described in detail in Chapter 1.
The current methods proposed to segment the thyroid gland and the carotid artery
are semi-automatic. These algorithms require the organs to be manually detected by an
expert (in the form of seed point initializations or curve initializations around the organ
of interest) following which the segmentation is performed by automated methods such as
geodesic active contours, classification by neural networks or shape fits by ellipse, etc. The
challenge is really in automating the organ detection part of the segmentation workflow.
Given that the image acquisitions in our research work are freehand 2D ultrasound image
acquisitions, there needs to be a way for the computer to recognize the organs in question
and then apply the appropriate segmentation algorithm for the organ. One approach that
is commonly followed for ultrasound images is by the use of external markers attached to
the ultrasound probe. A tracking device (video camera for example) is used to track the
movement of the markers and then this information is used to co-register the ultrasound
images with a 3D volume of the gland obtained by CT or MRI imaging modalities. Once
the images are co-registered, atlas based methods or methods based on marginal space
learning may be employed to detect the organs of interest and then segment the detected
organs. This approach is quite tedious and computationally expensive.
Interestingly, the properties of ultrasound waves and its interaction with tissues provide a way to detect organs without the need for external markers and tracking devices.
A detailed description on the physics behind ultrasound image formation and the properties of ultrasound waves are discussed in Chapter 2. The properties of ultrasound
waves to undergo reflection and scattering results in the echogenicity of a tissue and its
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 6.1: Annotation removal and image restoration in CT images. (a)-(c) Input;
and (d)-(f) Output.
property to undergo refraction, interference and diffraction results in the formation of
imaging artefacts. The enhancement artefacts are of particular interest in this research
work as they predominantly occur under blood vessels and can be used as a landmark
to detect the carotid artery. Enhancement artefacts appear hyperechoic in ultrasound
images. Since speckles are embodiments of tissue echogenicity, speckle related pixels are
used to perform echogenicity based tissue characterization to automatically detect the
artefacts. The detection and segmentation algorithms need to be: (a) robust to changes
in the acquisition parameters; and (b) applicable to multi-vendor datasets under varying
conditions of tissue brightness. This is achieved by the use of local phase based methods
which are insensitive to changes in signal energy and yet preserve the structural integrity
of the organs in its phase. Thus, tissue characterization using speckles, anatomic structure localization using enhancement artefacts and region based segmentation using local
phase forms the core of the MODS methods proposed in this research work.
The datasets and the validation protocol used in this research are discussed in Chapter
3. Five different datasets from four different vendors are used in our experiments. One
of the five is a publicly available dataset that is used to test the detection accuracy of
the carotid artery. One dataset is used to measure the performance of the pre-processing
algorithm and the rest are used to validate the MODS methods. A novel algorithm is
proposed in this chapter to remove annotations from ultrasound images. A histogram
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(a)

(b)

Figure 6.2: Annotation removal and image restoration in X-Ray images. (a) Input; and
(b) Output.
based approach is followed to detect the annotations within the FOV of an image and
POCS based methods are employed to restore the regions of images that were obscured by
the annotation. The application of this algorithm is not restricted to ultrasound images
alone. Figures 6.1 and 6.2 show the results of the annotation removal algorithm on CT
and X-Ray images, respectively. The performance of annotation removal algorithm is
qualitatively assessed by conducting online surveys where the participants agreed that the
annotations were removed without any trace from the images. Experimental results also
showed that the restored images are of high quality with average PSNR>38dB. On the
other hand, four qualitative metrics and five quantitative metrics are employed to validate
the segmentation algorithms. While the qualitative metrics allow for the comparison of
different algorithms, the quantitative metrics are used to compare the segmentations
with respect to the expert segmentor. Care must be taken when comparing different
algorithms using the qualitative metrics as multi-organ segmentation algorithms cannot
be compared to binary segmentation algorithms using the qualitative metrics. Existing
methods are validated using the nine metrics and it is found that the current methods
tend to under/over segment the organs under consideration.
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Two new methods to perform unsupervised MODS in ultrasound images of the thyroid
gland are proposed in Chapter 4. The first of the two methods is called the Three
category MODS system. In this method, the speckle related pixels are clustered into
three echogenic classes based on its relative brightness in a kernel. An energy based
model is then used to detect the carotid artery in the labelled image (image whose pixels
are labelled with the cluster number). The carotid artery is used as a landmark to
detect and segment the remaining organs in the image. The second method is called the
Multi-category MODS system. In this method, an agglomerative clustering constrained
with a similarity metric is proposed to cluster the speckle related pixels into an unknown
number of echogenic classes. The total number of class labels generated at the end of
the clustering determines the number of echogenic classes in the image. This process
is viewed as a quantization of the speckle related pixels into levels that are determined
by the tissue echogenicity. The enhancement artefact is then detected in the quantized
image which is in turn used as a landmark to detect the carotid artery. The carotid artery
is used as a landmark to detect the remaining organs. All organs are segmented by the
application of region based local phase methods. The proposed methods outperform the
existing methods to segment both individual and multiple organs. Amongst the two
algorithms proposed, the multi-category algorithm is found to perform better than the
three category algorithm.
A self-learning MODS algorithm is proposed in Chapter 5. In this method, the speckle
related pixels are classified into the respective echogenic classes by the use of local phase
based methods. The carotid artery and the trachea are detected from the binary image
containing the hypoechoic pixels as foreground pixels. The pixels of the carotid artery
and trachea along with the pixels that lie in the region between them are used to train a
random forests classifier to classify the remaining pixels that belong to the hyperechoic
tissue into the thyroid gland and background pixels. The applications of this MODS
method to perform guided interventions and volumetric analysis are also discussed in
that chapter.

6.2

Future Works

The following directions are identified as potential future works:
 The speckle based clustering and quantization methods for tissue characterizations
can be seen as despeckeling methods. One of the future works is to compare the
clustering and quantization methods to existing despeckling methods such as that
proposed in [190].
 To test the validity of the use of imaging artefacts as landmarks to detect and
segment multiple organs in ultrasound images of the abdomen, prostate etc..
 The primary motivation for taking up this research work on developing MODS
systems was for it to be used as a platform to perform guided interventions and
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volumetric analysis. The next step will be to design a robotic guided intervention system that will employ the carotid detection and segmentation algorithms of
Chapters 4 or 5 to automatically determine the plane of needle insertion for FNAB
or cannulation of the IJV. This will help to prevent accidental punctures of the
carotid artery during the procedure.
 The shape of the thyroid gland is assumed to be an ellipsoid when determining
its volume by Eq. (1.2). It is widely accepted that this assumption leads to the
underestimation of the thyroid volume. One of the next steps is to reconstruct the
3D volume of the thyroid gland by making use of the segmented thyroid gland in
successive frames and registering the images in two orthogonal planes. This can be
done without the use of markers by making use of the tracheal rings as the interest
points for the registration algorithm. For a given subject, the distance between the
tracheal rings is known to remain constant [191]. By detecting the trachea in the
transverse scans and the tracheal rings in the longitudinal scans, the two images
can be registered and the segmentation of the thyroid gland in the registered 3D
volume can be used to derive a mathematical model to estimate the thyroid volume
in cubic millimetres. Of course, this would require extensive validation with the
water displacement method to establish the accuracy of the method.
 One of the assumptions in the formulation of the three MODS methods is that
all organs are present in the images that are input to the system. Based on this
assumption the algorithms work in a sequential manner by detecting one organ at a
time. The first organ to be detected is used as a landmark to detect the next organ
and so on. The algorithm fails when the first organ is not detected or incorrectly
detected. This can happen when the image does not contain the first organ of
interest and contains the rest or when the first organ to be detected is occluded.
Thus, one of the future works will be to develop an unsupervised MODS system
that detects all the organs simultaneously without depending on the successful
detection of other organs.
 The goal of this research work was to devise MODS methods that can help in guided
interventions and volumetric analysis. Now that we have proposed three methods
to perform MODS, the next step will be to validate it for guided interventions and
volumetric analysis by acquiring large datasets and conducting experiments.
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