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ABSTRACT 

The world health organization has identified cardiovascular disease as the leading cause of non-

accidental deaths in the world.  The heart is identified as diseased when it is not operating at 

peak efficiency. Early diagnosis of heart disease can impact treatment and improve a patient’s 

outcome. An early sign of a diseased heart is a reduction in its pumping ability, which can be 

measured by performing functional evaluations.  These are typically focused on the ability of the 

ventricles to pump blood to the lungs (right ventricle) or to the rest of the body (left ventricle).  

Non-invasive imaging modalities such as cardiac magnetic resonance have allowed the use of 

quantitative methods for ventricular functional evaluation. The evaluation still requires the 

tracing of the ventricles in the end-diastolic and end-systolic phases.  Even though manual 

tracing is still considered the gold standard, it is prone to intra- and inter-observer variability and 

is time consuming. Therefore, substantial research work has been focused on the development of 

semi- and fully automated ventricle segmentation algorithms. 

In 2009 a medical imaging conference issued a challenge for short-axis left ventricle 

segmentation. A semi-automated technique using polar dynamic programming generated results 

that were within human variability. This is because a path in a polar coordinate system yields a 

circular object in the Cartesian grid and the left ventricle can be approximated as a circular 

object.  In 2012 there was a right ventricle segmentation challenge, but no polar dynamic 

programming algorithms were proposed.  One reason may be that polar dynamic programming 

can only segment circular shapes. 
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To use polar dynamic programming for the segmentation of the right ventricle we first expanded 

the capability of the technique to segment non-circular shapes.  We apply this new polar dynamic 

programming in a framework that uses user-selected landmarks to segment the right ventricle in 

the four chamber view.  We also explore the use of four chamber right ventricular segmentation 

to segment short-axis views of the right ventricle. 
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1 INTRODUCTION 

The heart is an organ that uses a four-chambered double pump to circulate blood in the body [1].  

The heart consists of two receiving chambers (atria) and two pumping chambers (ventricles).  In 

humans, the right atrium receives deoxygenated blood from the body.  When enough blood is 

inside the right atrium, pressure builds up, opening the tricuspid valve (TV), and delivering 

blood to the right ventricle (RV).  The RV in turn sends blood to the lungs to get oxygenated.  

Once the blood is oxygenated, it fills the left atrium.  When enough blood is inside the left 

atrium, pressure builds up and opens the mitral valve delivering blood to the left ventricle (LV).  

Once the pressure builds up in the LV, blood is circulated to the body. Functional evaluations of 

the heart are normally focused on the ability of the ventricles to pump blood to the lungs (i.e., 

RV) or to the entire body (i.e., LV). A problem in either of the ventricles will lead to heart 

failure. To provide accurate cardiac diagnosis and prognosis, ventricular specific parameters 

must be assessed. 

Non-invasive imaging modalities allow physicians to quantitatively assess ventricular function, 

particularly for the LV.  Two main factors propelled the use of LV analysis.  First, common 

cardiac diseases such as congestive heart failure (CHF) related to coronary artery disease, or 

alcohol- or viral- induced cardiomyopathies1 have a disproportionate effect on the LV [2]. 

Second, imaging modalities such as plane x-ray and echocardiography had trouble imaging the 

RV [3]. Improved imaging modalities, such as cardiac magnetic resonance (CMR), allowed the 

extraction of volumetric information for both the LV and the RV, thus making analysis of both 

                                                 
1 Heart muscle disease.  Inability of the myocardium to contract. 
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ventricles viable.  The ability to analyze the RV has identified RV-specific pathologies, such as 

CHF, pulmonary hypertension and congenital heart disease [4]-[6]. Early and accurate detection 

of these pathologies can have a lasting health benefit for the patient. 

Performing ventricular quantitative analysis requires tracing of the ventricle.  Even though 

manual tracing is still considered the gold standard [7][8], it is prone to intra- and inter-observer 

variability and it is time consuming, taking a physician an average of 15 minutes per ventricle 

[9]. Therefore, substantial research work has been focused on the development of semi-

automated and fully automated ventricular segmentation algorithms. 

In 2009 at the Medical Image Computing and Computer-Assisted Intervention (MICCAI) 

conference, an LV segmentation challenge was issued [10]. The challenge consisted of outlining 

the LV in the end-diastolic (ED2) and end-systolic (ES3) frame in 45 patients.  Fifteen patients 

were used for training, 15 for testing and 15 for validation. The results of the challenge showed 

that some algorithms were within human variability [11].  A similar challenge was issued for the 

RV segmentation at the 2012 MICCAI conference [9], but the results were not within human 

variability. For both MICCAI segmentation challenges, the owners of the data sets had to 

manually parse the data and identify the slices associated with different parts of the RV anatomy.  

This type of overhead will make implementation of most of those algorithms in a clinical setting 

challenging. 

The purpose of this dissertation is to provide a semi-automated segmentation technique for the 

RV.  Unlike most techniques that focus only on the short-axis (SAX) views, this dissertation 

                                                 
2 ED frame denotes the frame where the ventricles (LV and RV) contain the most amount of blood.  
3 ES frame denotes the frame where the ventricles (LV and RV) contain the least amount of blood. 
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focuses mainly on the segmentation of the RV in four chamber (4CH) views with user-specified 

inputs.  We focus on the 4CH because generally SAX images poorly represent some key 

anatomic elements of the RV (RV apex, conus, tricuspid annular plane) which are important for 

functional assessment.  Standard 4CH views may represent most of the relevant RV landmarks 

(i.e., tricuspid valvular (TV) plane, apex, free wall) and do not require any change to the existing 

CMR protocols. We understand that volumetric analysis4 is done using SAX views; in the last 

chapter of the dissertation, we explore the use of RV segmentation in 4CH views to 

automatically segment the RV in the SAX views. The rationale is that the initial delineation and 

identification of the relevant RV landmarks in the 4CH view could provide a concise framework 

for the automatic segmentation of the RV in the SAX views.  

1.1   Cardiac Imaging Modalities 

The invention of the x-ray started the field of non-invasive imaging.  X-ray used in conjunction 

with cinematography allowed physicians to non-invasively image the heart, particularly the LV, 

throughout the cardiac cycle [12].  Due to the effects of ionizing radiation, physicians looked for 

an alternative technique for imaging the heart.  In 1953, inspired in part by the success of radio 

detection and ranging (RADAR), Inge Edler and Hellmuth Hertz recorded the first ultrasound 

(US) generated moving pictures of the heart using M-mode echocardiography [13].  By the early 

70s the first 2D echocardiography instrument was developed and brought to market [14]. Even 

though it had tremendous popularity, 2D echocardiography suffered from a series of drawbacks, 

particularly the inability to correctly image the RV.  In the mid to late 90s, CMR emerged as a 

                                                 
4  The current gold standard for ventricular functional analysis. 
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non-invasive modality capable of imaging the heart.  With the use of electrocardiogram (ECG) 

pulse gated sequences, CMR has become the gold standard for ventricular function and is 

recognized by many as the “one-stop-shop” for cardiovascular imaging [15]. 

1.1.1 Echocardiography 

Echocardiography is based on US imaging and consists of sending high frequency (MHz) pulse 

waves to the body and measuring their reflection. The reflection of the pulse wave is 

characterized by: 

 � = 
� (1.1) 

where � is the velocity, � is the frequency and 
 is the wavelength. The velocity of the pulse 

wave is determined by the medium where it is being sent.  Some common media are shown in 

Table 1.1. 

Table 1.1 Velocity of sound through different mediums. 

Medium Fat Water Soft Tissue Kidney Blood Muscle Bone Air 

Velocity (m/sec) 1450 1480 1540 1560 1570 1580 4080 331 

 

Pulse waves traveling through a medium can experience other interactions besides reflection, 

including attenuation, absorption, scattering, refraction and diffraction. The reflection of the 

beam occurs at the boundary between two different materials. When pulse waves pass through 

areas containing bone or air they can produce large echoes, thus reducing the ability to image 

further.  Since the RV sits behind the sternum, echocardiography performs poorly when trying to 

image the RV. 
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1.1.2 Magnetic Resonance Imaging 

Clinical magnetic resonance imaging (MRI) is an imaging modality that detects the spin or 

intrinsic angular moments of the hydrogen (1H) atoms or protons in the body.  In the absence of 

an external magnetic field (���) the spins are randomly oriented resulting in no net magnetization 

(���) (Figure 1.1a).  In the presence of an external magnetic field (e.g., 1.5T), the spins align with 

��� (Figure 1.1b) generating ��� in the direction of ��� (Figure 1.1c). ��� precesses at a frequency 

defined by the Larmor equation: 

 � = ���2�  
(1.2) 

where � is the precession frequency and � is the gyromagnetic ratio5. For 1H:  

 �2� = 42.58 x 10� �������  (1.3) 

                                                 
5 Ratio of the magnetic dipole moment to its angular momentum. 
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Figure 1.1 Effect of an external magnetic field (B0) on the spins. (a) When no external magnetic field is 

applied the spins are randomly oriented. (b) In the presence of an external magnetic field, the spins align 

with the field. (c) Net magnetization of the spins is now along the direction of B0.  Note that there is no 

net magnetization in the X-Y plane. 

 

To detect the MR signal, a radiofrequency (RF) excitation pulse is necessary.  RF excitation 

consists of applying an external magnetic field ��  with frequency � perpendicular to ��� (i.e., in 

the X-Y plane).  The strength of the RF pulse determines whether the spins are flipped partially 

or entirely into the X-Y plane.  When the flip angle (!) of the RF pulse is 90°, the magnitude of 

the magnetization in the X-Y plane (�#$) right after excitation equals ��.  Once the RF pulse is 

turned off, the signal in the X-Y plane can be detected with a receiver coil.  ��&', and thus the 

magnitude of the signal in the X-Y plane (|�)*)|), will decay via �+∗ (shown in Figure 1.2), which 
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is due to the combined spin-spin (�+) relaxation6 and the dephasing due to static magnetic fields 

(�+-). 

 |�)*)|  =  �� sin)!) �1 2 34∗ (1.4) 

where 

 1�+∗ = 1�+ + 1�+-  (1.5) 

 
Figure 1.2 Signal dephasing in the X-Y plane due to T2

* relaxation mechanism. 

 

 ��&' will also recover to its equilibrium state along ��� (typically represented along the z-axis) 

due to � , or spin-lattice relaxation mechanism. Thus, the recovery of the magnetization along z 

can be expressed as: 

 �6)*) = �� 71 − )1 − cos)!))�1 23;< (1.6) 

                                                 
6 Spins experiencing the effect of fluctuating magnetic fields created by other spins. 
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Table 1.2 T1 and T2 values for heart tissue components at 1.5T. 

 => (ms) =? (ms) 

Myocardium 1100 50 

Arterial blood 1600 250 

Fat 260 110 

Skeletal muscle 880 45 

Lung 820 140 

 

To obtain an image we use magnetic field gradients to change �� linearly with position 

 �)@, B, �) = �� + @C# + BC$ + �C6  (1.7) 

which in turn changes the precession frequency of the spins: 

 �)@, B, �) = �2� �)@, B, �) 
(1.8) 

In 2D MRI, which is the focus of this dissertation, the first step is to select the slice to be imaged 

(for nomenclature purposes the slice selection plane is defined to be along the � axis).  This is 

done by turning on the C6 gradient in order to vary � across the � axis: 

 �)�) = �2� )�� + �C6)  (1.9) 

By using a band-limited RF pulse while C6 is on, only the spins within the selected range of 

frequencies corresponding to a specific slice thickness are excited into the X-Y plane, as shown 

in Figure 1.3. 
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Figure 1.3 Slice selection process. 

 

Once the slice is selected the signal detected by the receiver coil can be written as: 

 �)*) = D∫ ∫ �&')@, B)�1F2+GHI@IB   (1.10) 

where D is a constant. Note that there is no specificity for )@, B) so we need to use frequency 

encoding (C#) and phase encoding (C$) magnetic field gradients to encode spatial information 

within the slice.  When C# and C$ are turned on, the Larmor frequency becomes: 

 �)@, B) = �J�� + @C# + BC$K2�  (1.11) 

Therefore, the signal detected by the receiving coil is: 

 �)*) = D�1FLMN2∫ ∫ �&')@, B)�1FL2J#OPQ$ORKI@IB (1.12) 

The baseline signal can be obtained by demodulating (1.12) from the carrier frequency.  The 

resulting signal is shown in (1.13): 

 �′)*) = �)*)�FLMN2 = D∫ ∫ �&')@, B)�1FL2J#OPQ$ORKI@IB (1.13) 

Defining S#)*) = L2OP+G  and S$)*) = L2OR+G , we can rewrite (1.13) as 
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 �′)*) = D∫ ∫ �&')@, B)�1F+GJ#TPQ$TRKI@IB (1.14) 

Equation (1.14) shows that the data acquired by the receiver coil is the Fourier transform (FT) of 

the object and S# and S$ gives us the frequency localization in k-space (Figure 1.4).  Therefore, 

once k-space is sampled, we can recover the image by doing a 2D inverse FT (2D IFT). This 

creates an MR image. 

 

 
Figure 1.4 Creation of an MR image. 

 

To sample the k-space pulse sequences are used.  A pulse sequence is a programmed set of 

magnetic field gradients waveforms. One of the most common pulse sequences used for cardiac 

imaging is the balanced steady state free precession (SSFP) pulse sequence (Figure 1.5).  
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Figure 1.5 Balanced steady state free precession (SSFP) pulse sequence illustrating the slice 

selection module (yellow) and the gradient waveforms used to traverse k-space. 

 

The 2D SSFP pulse sequence follows the same series of steps as most MRI pulse sequences. 

First, spins are excited within the imaging slice by using a band limited RF pulse while the C6 

gradient is on (yellow module in Figure 1.5); at this point we are at the k-space origin (yellow 

circle). Next, the prepositioning C# and C$ gradients (red and green left waveforms in Figure 

1.5) are turned on to move to the upper left corner of k-space. Then, the C$ gradient is turned off 

and C# changes polarity to acquire a S$ line of data (blue line in Figure 1.5).  Once a S$ line has 

been read, data acquisition is turned off. To return to the k-space origin, the polarity of C$ and C# 

is reversed as indicated by the red and green right waveforms in Figure 1.5. The experiment 

continues by re-exciting the spins in the slice and changing C$ to sample the complete k-space 
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(i.e., 160-256 k-space lines with 160-256 points along each line).  Some common parameters for 

the pulse sequences are the time to repetition (TR7) and the time to echo (TE8). 

Analyzing the functional properties of the heart requires imaging of the heart throughout the 

cardiac cycle.  There are two problems when imaging the heart related to physiological motion:  

first is the chest motion due to respiration and second is the beating of the heart.  To solve the 

first problem, cardiac imaging is typically done during a breath hold that lasts between 10-16 

seconds.  To image the heart throughout the cardiac cycle a technique called cardiac gating is 

used (Figure 1.6). Given the QRS complex9, which is measured using ECG leads, the technique 

identifies two nearby R peaks.  Then, it divides the time between the R peaks into a set of 

equally spaced time frames of approximately 30-50 ms/frame.  On each time frame, only a 

subset of the total k-space lines is read depending on the temporal resolution and TR (~3ms). 

The heart rate may range from 60 to 100 beats per minute (bpm). If we assume a heart rate of 75 

bpm, and we want to reconstruct images for 25 time frames, the number of k-space lines 

collected for each time frame within a single heartbeat is 

 UVWXI 7 175 Z[XW*�\ ∙ 601 ��_Z[XW*� ∙ 125 \�U�Z� ∙ 13x101a �[X���_ < = 11 �[X���U�Z� 
(1.15) 

which in this case will give us a temporal resolution of 33 ms/frame.  Note that in order to 

sample the k-space with adequate spatial resolution (e.g., 168 k-space lines) we need 16 

heartbeats which is approximately 12 seconds of scan time.  Current clinical and research 

                                                 
7 Measures the time between RF pulses. 
8 Time between an RF pulse and the midpoint of signal detection. 
9 Electrical signal caused by the depolarization of the RV and LV. 
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guidelines consider cine CMR using the balanced SSFP pulse sequence the gold standard for 

evaluation of the left and right ventricular function [16]. 

 
Figure 1.6 Cardiac gating procedure used for cine MRI. 

. 
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1.2 RV Cardiac Pathologies 

1.2.1 Pulmonary Hypertension 

The Evian classification protocol outlines multiple reasons for pulmonary hypertension.  Among 

them are: pulmonary arterial hypertension, pulmonary hypertension with left heart disease, 

pulmonary hypertension associated with lung diseases and/or hypoxemia10 and pulmonary 

hypertension due to chronic thrombotic and/or embolic disease [17].  An initial response to 

pulmonary hypertension is the hypertrophy of the myocardium, followed by contractile 

dysfunction11. As contractile weakening progresses, the residual blood in the RV increases 

requiring an increase in RV pressure (i.e., increases the pressure necessary for the RV to send 

blood to the lungs), which may in turn produce diastolic dysfunction of the LV [18].   In patients 

with end-stage pulmonary hypertension, the shape of the RV becomes abnormal [19]. 

One of the first treatments for pulmonary hypertension is giving the patient oxygen.  Other 

treatments include medications that may: 1) help decrease blood pressure, 2) assist the pumping 

of the heart, 3) remove excess fluids, 4) reduce clotting, 5) prevent blood vessels from narrowing 

and 6) allow lungs to produce natural vasodilators [20]. Definitive therapy for end-stage 

pulmonary hypertension is lung transplantation that has been shown in some cases to reduce the 

dilation of the RV [21][22]. 

                                                 
10 An abnormally low concentration of oxygen in the blood. 
11 Inability to fully contract the myocardium muscle.  This is usually caused by a lack of oxygen in the myocardium. 
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1.2.2 Congestive Heart Failure 

CHF is a condition that reduces the ability of the ventricles to pump blood to the body.  CHF in 

the LV results in the reduced capability to pump blood to the organs in the body, whereas in the 

RV it reduces the ability to pump blood to the lungs resulting in a decrease of oxygenated blood.  

This lack of circulation causes leakage and fluid retention. Symptoms of this disease are 

shortness of breath and lower extremity fluid retention related to pulmonic and systemic 

edema12, respectively. 

CHF cannot be cured, yet the symptoms can be treated.  Primary treatment options include 

reducing the amount of salt in the diet, elimination of alcohol intake, monitor weight, exercise, 

and taking medications (similar to pulmonary hypertension). 

1.2.3 Congenital Heart Disease 

Congenital heart disease (CHD) relates to an abnormality in a newborn’s cardiac structure.  

Symptoms of this disease include arrhythmias13, cyanosis14, and edema among others. If left 

untreated CHD can give rise to cardiac pathologies such as arrhythmias, strokes, CHF, and 

pulmonary hypertension among others [23]. 

Main treatment options include taking medications (similar to pulmonary hypertension), 

implantation of heart devices, open-heart surgery, and heart transplant. 

                                                 
12 Swelling of body tissue or organs 
13 Abnormal heart rhythms 
14 Bluish skin color 
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1.3 Ventricular Cardiac Function  

The assessment of ventricular cardiac function is key to diagnosing LV and RV pathologies. The 

best way to assess the ventricular cardiac function is to utilize a 3D approach, with a 

development of the Beutel model [24][25][26].  However, the vast majority of CMR exams are 

currently done using a 2D approach because Simpson’s rule can be used to find volumetric 

information from a series of 2D MR images.  Simpson’s rule is an integration approximation that 

uses parabolas to approximate a curve [27].  

 b �)@)I@c
d = \ − �3X e�)@�) + 4�)@ ) + 2�)@+) + ⋯ + 2�)@g1+) + 4�)@g1 )

+ �)@g)h 
(1.16) 

where e\, �h are the integration interval, X is an even number of subintervals and e@� … @gh are X 

equally-spaced values between � and \. Simpson’s rule can be extended to approximate 

volumetric values from a series of 2D images by changing �)@) from a 1D function to a 2D 

function (e.g., ventricle outline). 

1.3.1 Imaging Planes 

In Section 1.1.2 we described how to generate a 2D MR image where slice selection was done 

axially15.  Other common slice selection axes such as coronal16 and sagittal17 are shown in Figure 

1.7.  Due to the orientation of the heart within the body, oblique planes are generally used for 

slice selection. The oblique planes used for RV functional assessment are shown in Figure 1.8 .  

                                                 
15 Plane that divides the head from the toes 
16 Plane that divides the body into back and front 
17 Plane that divides the body into left and right 



 

30 

 

 

 
Figure 1.7 Common MR imaging angles.  

 
 

 
Figure 1.8 Viewing angles used for functional RV assessment. 
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1.3.1.1 SAX View 

SAX views are considered the gold standard [28][29] for ventricular function assessment.  This 

is due to the fact that the volumetric measurements derived from these views correlate well with 

anatomical features. SAX views show cross-sections that are perpendicular to 4CH views.  

Features that are commonly calculated from the SAX views include end-diastolic volume 

(EDV), end-systolic volume (ESV), ejection fraction (EF), and stroke volume (SV), among 

others. 

1.3.1.2 4CH View 

Even though SAX views are the gold standard due to their volumetric information, SAX images 

poorly represent some key anatomic elements of the RV (RV apex, conus, tricuspid annular 

plane) that are important for functional assessment.  In this regard, standard 4CH views may 

represent most of the relevant RV landmarks (i.e., tricuspid valvular plane, apex, free wall) and 

do not require any change to the existing CMR protocols. There is also the fact that longitudinal 

shortening is a greater contributor to RV stroke volume than SAX shortening [30]. Features that 

are commonly calculated from the 4CH views include tricuspid annular plane systolic excursion 

(TAPSE) and fractional area change (FAC). 

1.3.2 Stroke Volume 

SV is the volume of blood pumped by a given ventricle.  It is calculated by: 

 jk = lmk − ljk   (1.17) 
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where EDV is the volume of the ventricle in the ED frame and ESV is the volume of the 

ventricle in the ES frame. 

1.3.3 Ejection Fraction 

EF is defined as SV divided by EDV: 

 ln = jk/lmk (1.18) 

1.3.4 Tricuspid Annular Plane Systolic Excursion 

TAPSE is a cardiac functional metric that measures the apex-to-base shortening. TAPSE is 

commonly used in echocardiography to analyze ventricular function, although it has a weak 

correlation with EF (i.e., R=0.16) [31][32]. 

1.3.5 Fractional Area Change 

FAC is defined as follows: 

 nDp = lmD − ljDlmD  
(1.19) 

where lmD and ljD are the area of the RV in the ED and ES frames, respectively. FAC is 

commonly used in echocardiography to analyze ventricular function [33] and it has a correlation 

with EF fraction around 0.68 [32].  
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2 DIGITAL IMAGE PROCESSING TECHNIQUES 

Digital image processing (DIP) is the process of applying mathematical operators to process a 

digital image with a digital computer [34]18.  The smallest element in a digital image is referred 

to as a pixel. DIP is a well-studied area of research that spans many subjects, but for the purpose 

of this dissertation we will talk about graph theory and segmentation.  The latter part of the 

chapter will focus on segmentation techniques that have been applied to segment the LV and RV. 

2.1 Graph Theory 

Graph theory is the study of graphs, which are mathematical structures that measure relationship 

between vertices.  These vertices are connected to one another through lines or edges.  A graph is 

usually described as: 

 C = )k, l) (2.1) 

where C is a graph, k are a set of vertices and l are a set of edges that connect the vertices. In 

DIP, graph theory can be used to represent pixels in the image where k is a pixel, and l is the 

relationship between nearby pixels.  An example is shown in Figure 2.1. 

                                                 
18DIP, digital image analysis and computer vision are usually used interchangeably as there is no consensus between 

authors. In our dissertation we will use DIP to encompass the three concepts. 
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Figure 2.1 3x3 neighborhood represented using vertices and edges. 

The example in Figure 2.1 will yield a graph with vertices: 

 k = qD, �, p, m, l, n, C, �, rs (2.2) 

and edges: 

 l = t )D, �), )D, l), )D, m), )�, l), )�, m), )�, n),)�, p), )p, l), )p, n), )m, l), )m, C), )m, �),)l, n), )l, C), )l, �), )l, r), )n, �), )n, r), )C, �), )�, r)u 

(2.3) 

A path in C = )k, l)  is a finite sequence that alternates vertices and edges passing through them 

just once [35][36].  The minimum cost path techniques described below (i.e., Sections 2.1.1-

2.1.3), are paths that minimize cost or distance traveled from the initial vertex to the final vertex. 
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2.1.1 Dijkstra’s Shortest Path Algorithm 

In 1956, Edsger W. Dijkstra developed an algorithm for finding the shortest path between two 

vertices in a graph, given that the edges (e.g., distance) are non-negative [37].  The algorithm is 

as follows: 

1) Set the distance in the source vertex to 0. The source vertex is initialized to be the current 

vertex. Close the source vertex. 

2) Set all the other distances to ∞. All the other vertices are open. 

3) For the current vertices19 consider all the adjacent open vertices and calculate the distance 

from the origin to the adjacent open vertex20. If the new distance in the adjacent open 

vertex is smaller than the previous distance, replace the distance with the new value. 

4) When all the adjacent vertices for the current vertex have been evaluated, flag the current 

vertex as closed.  Closed vertices will not be analyzed again. 

5) Set the adjacent open vertex with the lowest distance to the current vertex and continue 

from step 3. This is repeated until the current vertex is the final vertex or all the vertices 

are closed. 

2.1.2 A* Algorithm 

In 1968, Peter Hart, Nils Nilsson and Bertram Raphael described the A* algorithm [38].  It 

consisted of adding a heuristic to the cost function used by Dijkstra in order to speed up the 

                                                 
19 There may be more than one. 
20 This is calculated by adding the edge between the current vertex and the adjacent vertex. 



 

36 

 

search by reducing the number of vertices that needed to be analyzed.  The new cost function is 

defined as: 

 �)X) = ℎ)X) +  x)X) (2.4) 

where X is the last vertex on the path, x)X) is the total cost path from the starting vertex to X and 

ℎ)X) is a heuristic that estimates the cost from vertex X to the final vertex.  Note that Dijkstra’s 

shortest path algorithm is a specific formulation of the A* algorithm (ℎ)X) = 0).  

The A* algorithm is then defined as follows: 

1) Select a vertex (i.e., initial vertex), set it as the current vertex and calculate �)X). All 

other vertices are open. 

2) Select the open adjacent vertex that yields the smallest �)X) and name it new vertex.  

Ties are resolved arbitrarily, unless one of the ties is the ending vertex, which in that case 

make the ending vertex the new vertex. 

3) If the new vertex is the ending vertex terminate the algorithm. 

4) Otherwise mark the current vertex as closed and set the current vertex to be the new 

vertex. Go to step 2. 

Let’s define x)X) = ∑ _FgFz , which means that there is a cost associated with going from the 

initial vertex to any given vertex.  If we go from X + 1 until the ending vertex, we can set the 

equation to: x){) =  ∑ _F|FzgQ .  What [38] says is that as long as ℎ)X) ≤ x){) then the A* 

algorithm is admissible (i.e., yields a minimum cost path while “opening” fewer vertices). 
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2.1.3 Dynamic Programming 

Dynamic programming is an optimization method that solves a complex problem by applying the 

principle of optimality21 [39]. Unlike greedy algorithms which select the best locally optimal 

solutions, dynamic programming solves smaller sub-problems and combines them to yield the 

optimum solution [40].  An example of this is shown in Figure 2.2. 

 

Figure 2.2 Finding the shortest path using dynamic programming. 

Note that a greedy algorithm starting from the start node, may select the path that goes through 

vertex B, while a greedy algorithm that backtracks may select the path that goes through vertex 

C. To use dynamic programming for DIP, the algorithm divides in two parts, first forward 

propagation22: 

1) Mark all the starting vertices (i.e., there may be more than one) as closed. The other 

vertices are marked as open. 

2) Look at open vertices that are adjacent to the closed vertices. 

                                                 
21 The idea that complex problems can be divided into simpler sub problems.  
22 Assigns cost to each vertex. 
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3) For each open vertex, select the adjacent closed vertex that has the lowest cost.  

4) Combine the cost of the adjacent closed vertex with the smallest cost to the cost of the 

analyzed open vertex. 

5) Proceed to the next open vertex. 

6) Repeat 3-5 until no more open vertices are adjacent to closed vertices. 

7) Close all the open vertices that are adjacent to the closed vertices. 

8) Repeat 2-4 until no open vertices are left. 

Second algorithm is back propagation23: 

1) Mark the ending vertex with the lowest cost as closed.  In case of a tie, resolve arbitrarily. 

The other vertices are marked as open.  

2) Select the open vertex with the lowest cost that is adjacent to the closed vertex.  The cost 

is the result of forward propagation algorithm. In case of a tie, resolve arbitrarily. 

3) Close the vertex selected from step 2. 

4) Repeat 2-3 until the closed vertex is a starting vertex. 

The dynamic programming algorithms assume that all the cost values are positive.  A 

mathematical implementation of the algorithm is described in Chapter 3.1.3. 

2.2 Segmentation 

Image Segmentation is the process of partitioning a digital image (r)@, B)) into non-overlapping 

homogenous regions (or segments) [34]. The regions may have additional properties such as 

                                                 
23 Finds the minimum cost path by backtracing from the end vertex 
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smoothness of the region border or high gradient on the region borders, among others.  The final 

goal of segmentation is to simplify the analysis of a digital image. There are multiple ways to 

segment a digital image, but for this dissertation we shall focus on three methods of 

segmentation: active contours, level sets, and PDP. 

2.2.1 Active Contour Methods 

In 1987, Michael Kass, Andrew Witkin and Demetri Terzopoulos developed an energy-

minimizing spline that uses image forces and external constraint forces (e.g., high gradients) to 

arrive to a minimum energy state [42].  The authors termed this technique “snakes”. The initial 

curve or snake can be parameterized as �)�) = q@)�), B)�)s, where � ∈ e0,1h. A snake where  

�)0) = �)1) is deemed closed (i.e., closed contour), whereas a snake where  �)0) ≠ �)1) is 

deemed open (i.e., open contour). For our purposes we will focus on closed contours. An 

example of a closed contour is shown in Figure 2.3. 

 

Figure 2.3 Parametric representation of a closed contour, V(0) = V(1). 

 

The parametric equation is as follows:   
 l�gdT�∗ = b l�gdT�J�)�)KI�  

� =  b �lFg2J�)�)K + lF�d��J�)�)K + l��gJ�)�)K� I�  
�  

(2.5)  
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where lFg2 is the internal energy of the spline, lF�d�� is the energy of the image forces and l��g 

are external constraint forces (i.e., user interaction).  The end-goal of the algorithm is to 

minimize (2.5). For simplicity most techniques assume that l��g = 0.  The internal force of the 

closed contour lFg2 looks at the curvature and stiffness of the closed contour, thus yielding: 

 lFg2J�)�)K = )!)�)|��)�)|+ + �)�)|���)�)|+)2  (2.6)  

For simplicity most active contour techniques set !)�) = !,  �)�) = �. Having lFg2 = 0 implies 

making the final closed contour a dot. Regularly lF�d�� is based on the gradient of the image:  

 lF�d��J�)�)K = −|∇)G�)x, y) ∗ I)x, y))|+ (2.7)  

Here, C�)@, B) is a 2D Gaussian function with standard deviation �, ∗ denotes linear 

convolution, and � is the gradient operator. Minimizing lF�d�� makes the closed contour move 

toward high gradients.  The snake that yields the lowest energy must satisfy the equation: 

 !���)�) − �����)�) − ∇lF�d��)�)�)) = 0 (2.8)  

Visually, the proper balance between lFg2 and lF�d�� produces a smooth closed contour with 

high gradients on the region border. 

The main drawbacks of the technique are: the reliance on a good initialization24 and the inability 

to outline concavities [43][44].  To address these problems, Xu and Prince [45] introduced the 

gradient vector flow (GVF). GVF diffuses lF�d��J�)�)K, as defined by (2.7), to generate a new 

lF�d��J�)�)K and proceeds to find the optimum closed contour by balancing lF�d�� and lFg2 

                                                 
24 A good initialization is a initial mask that is near the final high gradient regions of the closed contour. 
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(i.e., (2.8)).  The diffusion of lF�d�� allows closed contours to move toward high gradient 

regions even when the initial closed contour is far from the optimum closed contour.   

The main drawback of GVF is the susceptibility to noise.  To address this problem, Bing Li and 

Scott T. Acton developed a new static image force robust to noise which they termed vector field 

convolution (VFC) [46] .  The idea behind VFC is to create a vector field kernel (VFK) where all 

the vectors point to the origin and convolve this VFK with an edge map similar to the one shown 

in (2.7).  By finding the density of high gradient regions, this technique is more robust to noisy 

edge maps.  An example of a VFK of radii 4 is shown in Figure 2.4. In their work Li and Acton 

show how their technique outperforms GVF in noisy images. 

 
Figure 2.4 VFK with radii 4. 

2.2.2 Level Sets Method 

Level set method is a framework that captures dynamic shapes.  It was introduced by Osher and 

Sethian in 1987 [47].  An application for image segmentation was introduced by Caselles et al. 

[48] and Malladi et al. [49]. The contour propagation used by [45] and [42] is based on the 

gradient descent equation: 
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 ��)�, *) �*� =    �lFg2J�)�, *)K + lF�d��J�)�, *)K� (2.9)  

where �)�, 0) is the initial closed contour.   By changing the representation from the closed 

contour (i.e., �)�, *)) to a fixed Cartesian grid (i.e., �)@, B, *)) the contour propagation can be 

described as: 

 ���* = div 7 ∇�|∇�|< ∇� 
(2.10)  

where ∇ is a gradient operator [42], and div � ∇�|∇�|� measures the curvature of � passing through 

)@, B). 

 

Figure 2.5 Change in parameterization for curve evolution used by Chan-Vese. 

A desirable advantage of the level set methodology is their ability to handle complex topological 

changes such as splitting and merging.  

To make use of these properties, Chan-Vese (CV) [50]  developed a new active contour 

segmentation technique using level-sets.  To do this, the authors defined lF�d�� as follows: 

 lF�d��)�) = 
 �|r)@, B) − r ̅)@, B)|+�J−�)@, B)KI@IB  
+ 
+ �|r)@, B) − r+̅)@, B)|+�J�)@, B)KI@IB 

(2.11)  

where  
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 r ̅)@, B) = � r)@, B)�J−�)@, B)KI@IB 
(2.12)  

 and 

 r+̅)@, B) = � r)@, B)�J�)@, B)KI@IB 
(2.13)  

�)@) is the Heaviside function [51], both 
 , 
+ are bigger than zero, for most numerical 

calculations 
 = 
+ = 1. To account for the fact that the change to a fixed Cartesian grid does 

not implicitly minimize the curvature of �, CV  make an approximation of the internal energy as 

follows: 

 lFg2)�) = � � �J�)@, B)K |∇�)@, B)|I@IB + � � �J−�)@, B)K I@IB (2.14)  

In the numerical implementation of the algorithm � = 0. This technique allows the segmentation 

of low gradient regions and multiple objects by using the properties of the level-set function. 

The technique proposed by CV models r)@, B) as an image with constant illumination region and 

thus they perform two-class segmentation.  In cases where the illumination is not constant, such 

as medical images, the technique fails. Mukherjee and Acton generalize (2.11) to model non-

linear illumination in an image using Legendre basis functions.  They termed this technique 

Legendre Level Set or L2S [52].  

The main drawback of level set methods is the numerical stability.  The method becomes 

unstable when the signed distance property of � is lost.  CV reinitializes the level set to make 

sure it does not become numerically unstable. Unfortunately due to the complexity of the 

algorithm it is done in an ad hoc manner [51]. To make the level set evolution numerically 

stable, Li et al. [54] introduced a distance regularization step (DRLSE), defined as: 
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 lFg2)�) = ���)�) (2.15)  

where � is a constant, and �� is the level set regularization term defined as: 

 ��)�) ≜ � �)∇�) I@IB (2.16)  

where �)�) is the potential used for distance regularization.  In their work, they propose using: 

 �)�) =  � 1)2�)+ )1 − cos)2��)), if � ≤ 1
  12 )� − 1)+,                    if � ≥ 1 

(2.17)  

This potential allows the use of level set without the need of reinitialization.   

2.2.3 Polar Dynamic Programming 

In section 2.2.1 we discussed image segmentation using active contour models.  Although the 

techniques incorporate a smoothness constraint on the shape of the closed contour, it can have 

any shape.  If the object we want to segment is circular techniques such as circular Hough 

transform (CHT) could be used [55], although with a high cost in storage and processing.  Sheila 

Timp and Nico Karssemeijer [70] developed a segmentation technique that uses dynamic 

programming, as defined in section 2.1.3, to segment mammogram masses.  The first step is to 

calculate the cost function (_)@, B)), which they define as: 

 _)@, B) = ¡��)@, B) + ¡¢I)@, B) +  ¡�x)@, B) (2.18)  

where �)@, B) is the gradient strength, I)@, B) is the expected size of the mass and x)@, B) is the 

mean expected grayscale value. The weight for each component is given by ¡�,¡¢ and ¡�.  

Once the cost function is created, they changed the coordinate space from Cartesian to polar; an 

example is shown in Figure 2.6.   
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Figure 2.6 Cartesian to polar coordinate change. 

 

This change of coordinates allowed circular objects to be outlined by finding a path in the polar 

representation of the image.  The authors used the dynamic programming technique for finding 

the optimum path.   

Unfortunately, the PDP has two major drawbacks that prevent it from being used as a general-

purpose algorithm.  First, it requires training data to constrain the size of the object being 

segmented. The size constraint helps prevent the closed contour from latching onto high-gradient 

regions that are not associated with the object. The second major drawback is that this algorithm 

cannot segment shapes for which rays emanating from the selected origin within the shape 

intersect the shape boundary in more than one point, for example a hand. To address these 

drawbacks, we developed a PDP with polar variance, which is described in Chapter 3. 

2.3   Review of State-of-the-Art SAX Segmentation Algorithms 

In [11], the authors did a survey on the cardiac segmentation literature. They divided the 

algorithms in two categories: those using training data (supervised algorithms) and those that 

rely only on analysis of derived features (unsupervised algorithms).  The main drawback of the 

supervised algorithms is that when the training data does not accurately represent the test data, 
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the algorithm may give incorrect results [56]. The drawback of unsupervised algorithms is that 

they may converge to incorrect regions [57]. The hypothesis was that given “good” training data, 

supervised algorithms will outperform their unsupervised counterpart.    

2.3.1 LV Segmentation Algorithms 

Some unsupervised algorithms used for segmenting the LV include thresholding, active contours 

and dynamic programming techniques.  The supervised algorithms included probabilistic atlas 

based schemes [58] , active shape models [59] and active appearance models [60]. 

The 2009 MICCAI challenge showed that the semi-automated unsupervised algorithms that 

incorporated PDP (Lu et al. [61], and Huang et al. [63]), outperformed supervised algorithms 

such as Casta et al. [64], Wijnhout et al. [65] and O’Brien et al. [66].  

2.3.2 RV Segmentation Algorithms 

The most common unsupervised algorithms used for segmenting the RV include thresholding 

and active contours.  The most common supervised algorithms used for RV segmentation 

included probabilistic atlas [67], active appearance models and active shapes models. 

The 2012 MICCAI challenge again showed that semi-automated algorithms outperformed the 

automated counterparts, but in this case an active shape modeling technique (Grosgeorge et al. ) 

[68] yielded the best results. 

 

  



 

47 

 

3 POLAR DYNAMIC PROGRAMMING USING POLAR VARIANCE 

The PDP algorithm as defined in section 2.2.3, consists of two major drawbacks that prevent it 

from being used as a general-purpose algorithm.  First, it requires training data to constrain the 

size of the object being segmented. The size constraint helps prevent the closed contour from 

latching onto high-gradient regions that are not associated with the object. The second major 

drawback is that this algorithm cannot segment shapes for which rays emanating from the 

selected origin within the shape intersect the shape boundary in more than one point, for example 

a hand. To allow the PDP algorithm to segment different-sized objects without needing training 

data, we introduce a preprocessing step where a polar variance image is calculated from the 

image. To allow the algorithm to segment complex shapes, we grow low-gradient regions of the 

contour. We provide experimental results comparing our algorithm, with five other active 

contour algorithms on a variety of test images. 

3.1 Algorithm Description 

The proposed PDP algorithm begins with a simple PDP (sPDP) method to generate a closed 

contour representing a simple object shape. The first step of the sPDP algorithm is to preprocess 

the input image to obtain a polar variance image.  The second step is to calculate the cost 

function needed by the dynamic programming algorithm. This includes generating the cost 

function in the uniform Cartesian space and later resampling to a uniform polar grid (£�).  The 

third step is to use dynamic programming to generate a closed contour representing the object 

shape.  The PDP algorithm then extends this contour by applying a localized region-growing 

technique for segmenting complex shapes.   



 

48 

 

3.1.1 Polar Variance Image 

To obtain closed contours using dynamic programming, [70] and [73] had to constrain the size of 

the final segmentation by using training data. They constrained the size because the closed 

contour may latch onto high-gradient regions that are not associated with the object. Requiring 

training data to constrain the size of the final segmentation reduces the generalization of the 

algorithm; therefore, we introduce a preprocessing step to generate what we define as the polar 

variance image. 

Given an image r, the first step is to normalize the intensities from 0 to 1.  We then define each 

pixel in r as r)@, B) where )@, B) are the coordinates in the uniform grid and C)@, B) is the edge 

strength of r)@, B). The edge strength with no Gaussian smoothing is generally calculated as 

  C)@, B) = |�r)@, B)|+,  (3.1) 

whereas with Gaussian smoothing the edge strength is calculated as 

   C)@, B) = |�eC�)@, B) ∗ r)@, B)h|+ (3.2) 

Here, C�)@, B) is a 2D Gaussian function with standard deviation �, ∗ denotes linear 

convolution, and � is the gradient operator. We assume that r)@, B) is scalar (i.e., a grayscale 

image), but the derivation can be generalized for higher dimensionality. Introducing an origin 

)@� , B�) allows us to represent r)@, B) and C)@, B) as �)¤, ¥) and x)¤, ¥) in polar coordinates as  

 ¥ =  ¦)@ − @�)+ + )B − B�)+ (3.3) 

 

 ¤ = tan1 7B − B�@ − @�< 
(3.4) 
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 �)¤, ¥) =  r)@, B) (3.5) 

 

 x)¤, ¥) = C)@, B) (3.6) 

Using the polar representation, we define the polar variance image as 

 k)¤, ¥) =  b b J�)�, U) − �)̅�, U) K+IU I�©QL
©1L

ª
�  (3.7) 

where 

 �)̅¤, ¥) =  b b �)�, U) IU I�©QL
©1L

ª
�  (3.8) 

In these equations, � is a smoothing parameter. The higher � is, the more smoothed the polar 

variance image will be. Note that the polar variance image is cumulative because the integral 

spans radii from the origin to the pixel being analyzed. Although variance as a feature has been 

used for segmentation [69] and as a preprocessing technique [69][72], to the best of our 

knowledge ours is the first segmentation algorithm that calculates a cumulative variance based 

on polar region coordinates. Figure 3.1 shows the results of the polar variance image on two 

different scenarios.  The SAX cardiac MR image, shown in Figure 3.1a, contains high-gradient 

regions that are not part of the RV (i.e. the object with the dot).  Figure 3.1b shows an image 

where rays emanating from an origin (the dot) will intersect the hand boundary in more than one 

point. Figure 3.1c shows the polar variance image of Figure 3.1a. Note that the RV has low 

variance values, whereas high gradient regions that are not associated with the RV have high 
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variance values. Figure 3.1d shows the polar variance image of Figure 3.1b.  Note that the polar 

variance image does not have low values in the entire hand boundary just in the regions where 

the rays intersect the shape boundary at only one point. 

 
Figure 3.1 Grayscale and polar variance images. (a) SAX cardiac MR image and (b) hand image. (c-d) 

Polar variance images of (a) and (b) respectively. The dot denotes the object we wish to outline (RV in 

(a), the entire hand in (b)) and is used to calculate the polar variance image. Black in the polar variance 

images represents low variance. 

 

3.1.2 Cost Function 

The gradient and variance values are the features that will be optimized using dynamic 

programming.  As a general rule, we want the variance values inside the closed contour to be 

low, and we want the gradient values along the contour to be high.  Therefore, we define the cost 

function as 
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 p)¤, ¥) = !k)¤, ¥) + � expJ−x)¤, ¥)K (3.9) 

where ! and � are parameters for determining the importance of each feature.  

3.1.2.1 Polar Resampling 

To use dynamic programming as defined by [40], we require a uniform grid. Due to the discrete 

nature of r, its polar representation is not uniformly sampled.  Therefore, we resample on a 

uniform polar grid )£�), which is the lattice comprising points J¤F , ¥K = )[∆¤, ®∆¥) that span 

the image domain. We derive the sampling intervals (∆¥ and ∆¤) to ensure that the polar grid 

has sufficient resolution to localize each pixel in the rectangular grid.  First, we find the )@, B) 

coordinates that are farthest from the origin )@� , B�). We consider a neighboring pixel (e.g., this 

could be the pixel at )@ − 1, B) if the farthest point is at the upper-right corner), and then we 

compute the absolute radial difference between these two farthest pixels, which indicates the 

minimum required radial resolution: 

 ∆¥ = ¯¦)@ − @�)+ + )B − B�)+ − ¦)@ − 1 − @�)+ + )B − B�)+¯ (3.10)  

As a general rule, the smaller the angular sampling interval (∆¤), the bigger the maximum 

allowed curvature of the extracted contour. To find the minimum ∆¤ required to localize every 

pixel in the image, we find the angular difference between the two neighboring pixels farthest 

from the origin: 

 ∆¤�Fg = °tan1 7B − B�@ − @�< − tan1 7 B − B�@ − 1 − @�<° (3.11)  

 The ∆¤ values used for analysis are multiples of ∆¤�Fg.  Unlike active contours, our cost 

function (3.9) does not explicitly minimize the curvature of the extracted contour. Instead, the 
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curvature of the contour of the segmented object is based on the value of ∆¤ we select. Figure 

3.2 shows how the ∆¤ value affects the curvature of the contour. 

 
Figure 3.2 Assessing how ∆θ affects closed contour. For this example, α and β equal 0.5. The dot is the 

origin used for PDP. Results using a ∆θ of (a) 5° and (b) 0.1°. Closed contours have been dilated for 

viewing purposes. 

 

3.1.2.2 Interpolation 

For each point J¤F , ¥K ∈ £± we compute the corresponding Cartesian coordinates as 

  @ = ¥ cos)¤F) (3.12)  

  B = ¥ sin)¤F) (3.13)  

Then we use bilinear interpolation [73] to generate the cost function (p±)¤F, ¥)) from the cost 

function values at the four pixels that surround the point )@, B) in the Cartesian space. 
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3.1.3 Dynamic Programming 

After generating a uniformly sampled polar representation of the cost function (p±), the next step 

is to use dynamic programming to compute the object contour by finding a path, as defined by 

[40]. This path, denoted as ¥�d2²)¤F), is a function of ¤F because the path will pass through only 

one radius value for each ¤F. Also, the absolute radial difference between adjacent angles will be 

∆¥ or 0. The general approach is to find the radii that minimize the cumulative sum of the cost 

function (p�). To obtain a closed contour, the ¥�d2² value associated with ¤F = 0° and ¤F = 360° 

must be the same as [70][73].  To add this constraint to the dynamic programming, we use the 

technique described by Timp and Karssemeijer [70], which consists of extending ¤F in a periodic 

fashion from e0°, 360°h to e−360°, 720°h. This extended version of the cost function is referred 

as p�∗. 

Given p�∗ we initialize the cumulative sum �� as follows. To initialize we let  ��J−360°, ¥K =
p�∗J−360°, ¥K for each ¥. The other �� values are recursively computed: 

 ��J¤F , ¥K = minµ��J¤F − ∆¤, ¥ − ∆¥K, ��J¤F − ∆¤, ¥K, ��J¤F − ∆¤, ¥
+ ∆¥K¶  + p�∗J¤F , ¥K 

(3.14)  

 for each ¤F ∈ )−360°, 720°h and for each ¥. 

Once �� has been generated, ¥�d2² is initialized as follows: 

 ¥�d2²)720°) =  argminª  ��)720°, ¥) (3.15)  

The rest of the path, for ¤F ∈ e−360°, 720°), is created as follows: 
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 ¥�d2²)¤F) = argminª∈qª¹º»¼)©½Q∆©),ª¹º»¼)©½Q∆©)Q∆ª,ª¹º»¼)©½Q∆©)1∆ªs
��)¤F, ¥) (3.16)  

Note that ¥�d2² is defined for ¤F ∈ e−360°, 720°), just like �±.  To generate the closed contour, 

we only keep ¥�d2² for ¤F ∈ e0°, 360°h. To convert to the Cartesian coordinate system, we use 

(3.12) and (3.13) to convert ¥�d2² and ¤F to @ and B. 

3.1.4 Optimizing for Multiple ∆θ Values 

In case a single ∆¤ does not suffice, we generate a closed contour using multiple ∆¤ values (i.e., 

multiple curvature values), which are multiples of ∆¤�Fg, as discussed in Section 3.1.2.1.   We 

select the ∆¤ value that optimizes a cost function as follows: 

 ∆¤∗ = argmin∆© ¾! b k)@, B) 
¿;

I@IB + � b exp)x)@, B)) I@IB 
¿4

À (3.17)  

where Ω  is the interior of the extracted closed contour and Ω+ is the extracted closed contour. 

We define the union of Â  and Â+ as the mask, Â =  Â ∪ Â+. 

3.1.5 Localized Region Growing 

The simple PDP algorithm (sPDP) presented in Sections 3.1.1-3.1.4 can segment simple shapes 

for which rays emanating from an origin within the shape intersect the shape boundary in one 

point without the need for training data. However, this technique may generate undersized 

contours in the case of more complex shapes. To segment complex shapes, we grow the 

extracted closed contour (Â+) using the localized region growing procedure shown in Figure 3.3. 

The procedure begins by localizing weak sub-contours (Figure 3.3 line 2). A weak sub-contour is 
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a region in Â+ that has a gradient magnitude less than or equal to the mean gradient magnitude in 

Â . For each weak sub-contour, we run SPDP with a new origin located on the weak sub-contour 

to produce a new mask (Â+new) (Figure 3.3 lines 8-9).  If the total length of the weak sub-contours 

in the new mask is less than the length of the weak sub-contour we are growing, then we keep 

the new mask (Figure 3.3 lines 11-14). We then mark the weak sub-contour we are growing as 

closed (Figure 3.3 line 15-16), we add any new weak sub-contours (Figure 3.3 line 19), and 

proceed to the next sub-contour. This is repeated until all the weak sub-contours have been 

examined.  

 
Figure 3.3 Pseudo code of localized region-growing (Section 3.1.5). 
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3.2 Results and Analysis 

We compare the PDP algorithm to several segmentation algorithms [46][50][52][54] using a 

variety of tests.  The first test measures the robustness to additive Gaussian noise. The second 

test measures segmentation accuracy using different grayscale images. The final test shows the 

robustness to algorithm-specific parameters.  

The algorithms’ performance is measured using the Dice metric [74] and the average border 

positioning error (BPE) [75].  The Dice metric finds the mutual overlap between the mask 

generated by the automated algorithm and the mask generated by manual segmentation (i.e., 

ground truth). The average BPE gives the mean difference (in pixels) between the automated and 

manual contours. An automated mask that perfectly matches the manual mask will yield an 

average Dice value of 1 and an average BPE of 0 pixels. 

3.2.1 Parameter Selection 

To achieve the best performance, the proper set of parameters needs to be used. Table 3.1 shows 

the algorithm-specific parameters that will be tuned to compare the algorithms.  The ranges used 

for the parameters are the ones specified by the authors[46][52][54] in their work.  In [52], the 

authors note that the CV algorithm[50] is just a specific formulation (zero-degree polynomial) of 

the generalized Legendre polynomial framework.  Therefore, we rename the algorithm using the 

zero-degree polynomial (Z = 0) as the algorithm. Higher-degree polynomials are defined as the 

L2S algorithm. The algorithms described in [54] and [46] are defined as DRLSE and VFC, 

respectively.  
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The PDP method uses the following parameters: �, ∆¥, ∆¤, !, �, �.  For the images used in this 

paper (100 x 100 pixels), we use � = 5° and ∆¥ = 0.5 pixels. To further reduce our search 

space, we let � = 1 − !.  Even though (3.17) allows the PDP algorithm to handle multiple 

curvatures (see Section 3.1.4), for simplicity we use only one curvature value for the parameter 

selection. Note that the ∆¤ values shown in Table I are multiples of ∆¤�Fg. For the images used 

in this paper, ∆¤�Fg = 0.1°. 
Aside from the parameters, the L2S, DRLSE, VFC and CV algorithms require a mask, whereas 

PDP requires an origin, )@� , B�).  
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Table 3.1 Algorithm Specific Parameters. 

Technique Parameters Description Values 

PDP 

∆¤ Allowed curvature 0.1,0.5,1,2,3,4,5 

! Variance image weight From 0 to 0.9, ∆ = 0.1 

� Gaussian kernel smoothing  0,1.5 

L2S 

Z Legendre polynomial order 2,3 


 , 
+ Regularization constraints (
 = 
+) From 1 to 100, ∆ = 2 

Ä Contour smoothness constraint From 0.05 to 0.6, ∆ = 0.05 

DRLSE 


 Line integral coefficient From 0 to 10, ∆ = 1 

! Area coefficient (! < 0 expands, ! > 0 shrinks). From -10 to 10, ∆ = 1  

� Gaussian kernel smoothing  0,1.5 

VFC 

τ Gradient edge threshold From 0.1 to 0.8, ∆ = 0.1 

! Curvature weight From 0 to 1, ∆ = 0.1 

� VFK decay coefficient From 1.5 to 3, ∆ = 0.5 

� 
VFK radii, based on the size of the image (N is 

the size of the image). 
N/8,N/7,N/6,N/5,N/4,N/3,N/2 

� Gaussian kernel smoothing 1.5 
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Notation from original papers, and ∆ is the uniform increment. 

3.2.2 Sensitivity to Additive Gaussian Noise 

To evaluate the performance of PDP under additive Gaussian noise, we add zero-mean Gaussian 

noise to a simulated crescent-shaped object, shown in Figure 3.4a, using 11 different signal-to-

noise ratio (SNR) levels  in the 0–10 dB range. The SNR [75] is calculated in terms of the mean 

intensity values as: 

 
SNR = 10 log � ÉÊ�object − �backgroundÊ�background

Ë dB (3.18)  

To ensure that the results are statistically significant, we used 100 noise realizations at each SNR 

level. Figure 3.4b and c show an instantiation of the 5 dB and the 0 dB cases.  To find the 

parameters for the different algorithms, we randomly selected an image from each of the 11 

noise levels and selected the set of parameters (shown in Table 3.1) that gave the best mean Dice 

metric.  Figure 3.4a shows the initial contour used for L2S, DRLSE, and CV and the origin 

(shown as a dot) required for PDP.  The results (i.e., average Dice and average BPE) for all the 

algorithms for different SNR levels are shown in Figure 3.5. At low SNR, the PDP and VFC 

algorithms perform the best, and at high SNR CV and L2S perform the best.  One explanation 

for the low performance for CV and L2S at low SNR is that they do not smooth the input image 

as a preprocessing step and thus can be influenced by high noise. Conversely, the absence of 

smoothing allows these algorithms to generate good results at higher SNR levels. 

CV 


 , 
+ Regularization constraints (
 = 
+) From 1 to 100, ∆ = 2 

Ä Contour smoothness constraint From 0.05 to 0.6, ∆ = 0.05 
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Figure 3.4 Simulated images with SNR values of (a) ∞, (b) 5 dB and (c) 0 dB.  Outline in (a) is the initial 

closed contour used for L2S, DRLSE, VFC and CV; dot is the origin location used for PDP. Closed 

contour has been dilated for viewing purposes. 

 

 
Figure 3.5 Noise sensitivity performance analysis for (a) average Dice performance and (b) average 

border positioning error (BPE) in pixels. One hundred noisy images were created for each SNR level by 

adding Gaussian noise to the image shown in Figure 3.4a.  
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3.2.3 Grayscale Images 

To evaluate the performance of the algorithms with different grayscale images we used the non-

medical and medical images shown in Figure 3.6. The first row shows the initialization contour 

for L2S, DRLSE, CV, as well as the initial origin (dot) used for PDP. The other rows show the 

closed contours obtained with the PDP, L2S, DRLSE, VFC, and CV algorithms.  In Figure 3.6e 

and Figure 3.6f the algorithms are outlining the right ventricle and left atrium on cardiac MR 

images, respectively. The Dice metric and average BPE for the images are shown in Table 3.2. 

The proposed algorithm is able to segment high curvature objects with well defined edges similar 

to L2S or CV (e.g., Figure 3.6a, b, and c), while also being able to segment lower curvature 

objects with lower contrast (e.g., Figure 3.6d, e, and f), similar to the VFC algorithm. 
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Figure 3.6 Non-medical and medical images. From left to right (a) flag, (b) hand, (c) horse, (d) retina, (e) 

short-axis and (f) 4CH cardiac image.   Upper row shows the initialization for the different algorithms. 

Short-axis cardiac images (e) have been cropped for display purposes.  The image used for analysis is 

shown in Figure 3.1a. Closed contours have been dilated for viewing purposes. 
 

 



 

 

63 

 

Table 3.2 Performance of Segmentation Algorithms. 

Technique 

Flag Hand Horse Retina SAX RV 4CH left atrium 

Dice BPE Dice BPE Dice BPE Dice BPE Dice BPE Dice BPE 

PDP 0.9631 0.5213 0.9491 0.7190 0.8733 1.1024 0.9947 0.2172 0.9543 0.7172 0.9549 0.8186 

L2S 0.9399 0.8163 0.9762 0.3451 0.7761 1.7970 0.5694 13.3977 0.8701 2.4988 0.7351 5.6670 

DRLSE 0.9159 1.1163 0.8662 2.4240 0.8587 1.1323 0.9895 0.4297 0.9371 0.9655 0.1964 37.1450 

VFC 0.9018 2.0213 0.8822 2.7598 0.8756 0.9699 0.9983 0.0685 0.9394 0.9195 0.9335 1.2021 

CV 0.9471 0.7340 0.9741 0.3798 0.2618 21.4422 0.9324 2.4891 0.8484 2.7902 0.5187 12.0072 

Quantitative performance for images shown in Figure 3.6. 
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The main limitation of the PDP algorithm is shown in Figure 3.7, which is a schematic of the tail 

region of the horse shown in Figure 3.6c. Given a weak sub-contour, shown as a thick black line 

in Figure 3.7a, the localized region-growing (Section 3.1.5) finds a new origin, shown in Figure 

3.7b, and generates a new mask.  To add the new mask (Âg) to the prior mask (Â), the number of 

low-gradient pixels in the new extracted closed contour must be less than the number of pixels in 

the weak sub-contour. Since the sPDP segmentation (Sections 3.1.1-3.1.4) finds the optimum 

path given that the rays emanating from the new origin within the shape intersect the shape 

boundary in one point, the new mask is not the entire tail, but a subsection of the tail, shown in 

Figure 3.7c.  Since the weak gradient region of the new mask, shown as a thick black line in 

Figure 3.7c, is bigger than the weak sub-contour, the weak sub-contour is marked as closed and 

thus the algorithm fails to outline the horse tail. 

 
Figure 3.7 Schematic of the tail region of the horse shown in Figure 3.6c. The thin black line represents the 

high gradient region and the white background is the low gradient region. (a) The gray thick line shows 

part of the high gradient extracted contour of the original mask. The black thick line is the weak sub-

contour. (b) The dot is the new origin positioned in the middle of the weak sub-contour shown in (a). (c) 

The gray thick line is the high gradient extracted contour that does not intersect with the original mask, 

(a). 
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3.2.4 Parameter Robustness 

Aside from the segmentation accuracy, we also evaluated the robustness of the algorithm-

specific parameters shown in Table 3.1.  We selected the parameters that generated the masks 

shown in Figure 3.6 and changed them by ±1, ±5, ±10 and ±15 percent. Table 3.3 shows the 

mean difference between the performance metrics given the change in parameters. These 

changes were done with some constraints (shown in Table 3.3) to generate valid values. For 

example, in PDP and DRLSE there can be smoothing (� = 1.5) or no smoothing (� = 0).  Non-

positive � values are not valid; therefore, in cases where a non-smoothed gradient (� = 0) 

generated the best result, � = 0.01, 0.05, 0.1, 0.15 were used instead.  

Positive values in Table 3.3 show performance degradation, meaning that the masks generated 

with the new parameters yielded a smaller Dice metric or higher average BPE than the ones 

generated with the initial parameter.  A negative value (i.e., improvement) means that using the 

new parameter generated a mask with either a higher Dice metric or a lower average BPE than 

the initial parameter. There are cases where the Dice metric gives a positive value while the 

average BPE shows a negative value.  One reason may be that we are using the parameters that 

optimize the Dice metric, not the average BPE. 

As seen in Table 3.3, the performance of PDP is mostly influenced by !. As a general rule, the 

value of ! should be selected as follows. To segment an object with one mode (e.g., Figure 3.6e) 

the value of ! should be in the 0.6-0.9 range.  When segmenting an object that has more than one 

mode, but its gradient magnitude is high compared to the background (e.g., Figure 3.6d), the 

value of ! should be in the 0-0.3 range. For high-curvature objects (e.g., Figure 3.6b), a  ∆¤ 
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value close to ∆¤�Fg should be used. For low-curvature objects,  ∆¤ should be a multiple of 

∆¤�Fg. Even though changing ∆¤ resulted in a Dice metric improvement, the improvement is 

negligible. 

The L2S algorithm was not affected by changes to 
  and 
+; for Ä the degradation was fairly 

small.  A change of ±15% in Ä produced a degradation of less than 5% in the mean Dice metric 

and a bias of less than 2 pixels for average BPE. For L2S the polynomial order (Z) turned out to 

be a sensitive parameter in this set of images.  Unlike most of the parameters shown in Table 3.1, 

Z could only have two possible values, 2 or 3.  We quantified the effect on the performance by 

using the incorrect polynomial order (e.g., Z = 2 instead of Z = 3 for L2S).  Using this 

approach we observe on average a degradation of 0.2 in the Dice metric for selecting the wrong 

polynomial order.  

All the DRLSE parameters were sensitive to small variations.  The performance for VFC was 

sensitive to all the parameters except !. The main problem of the algorithm was the inability to 

generate an initial closed contour that was on the object we wanted to segment.  This is one of 

the main drawbacks of using a purely automated method for creating the mask. The most robust 

algorithm was CV.  It was robust to changes in 
 , 
+ and Ä. A change of ±15% in Ä resulted in 

less than a 1% in degradation in the Dice metric and a bias of less than 0.01 pixel. 
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Table 3.3 Robustness to Changes in Algorithm-Specific Parameters. 

Technique Parameters Constraints 

±1% ±5% ±10% ±15% 

∆Dice ∆BPE ∆Dice ∆BPE ∆Dice ∆BPE ∆Dice ∆BPE 

PDP 

∆¤ ∆¤ >0 -0.0019 -0.0179 -0.0020 -0.0238 -0.0016 -0.0253 -0.0026 -0.0348 

! 0 ≤ ! < 1 0.0037 0.0732 0.0122 0.1978 0.0904 1.6847 0.094 1.8223 

� � > 0 -0.0004 -0.0046 0.0076 0.1158 0.0076 0.1188 0.0138 0.2052 

L2S 

Z 

If Z�Î¢ = 2   

Zg�Ï = 3 

if Z�Î¢ = 3 

Zg�Ï = 2 

0.1810 3.1189 0.1810 3.1189 0.1810 3.1189 0.1810 3.1189 


 , 
+ 
 , 
+ > 0 0 0 0 0 0 0 0 0 

Ä 0 ≤ Ä ≤ 1 0.0001 0.0005 -0.0002 0.0062 0.0384 1.2301 0.044 1.7981 

DRLSE 
 
 > 0 0.0359 1.7321 0.0453 2.3018 0.0999 3.997 0.2402 8.0538 
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! 

if !�Î¢ > 0, !g�Ï >0 

if !�Î¢ < 0, 
 !g�Ï < 0 

0.0379 2.0672 0.0598 2.4183 0.1819 4.3407 0.2158 5.1481 

� � > 0 0.1118 4.6195 0.1585 7.385 0.1136 5.2672 0.1283 5.8768 

VFC 

τ 0 ≤ Ð < 0.8 0.0793 4.3448 0.1025 9.1074 0.1691 8.7681 0.2097 15.0553 

! 0 ≤ ! ≤ 1 0.0018 0.0691 0.0040 0.1397 0.0026 0.1051 0.0026 0.0941 

� � > 0 0.0068 0.1474 0.0882 4.5255 0.0931 4.6330 0.0970 4.6336 

� � > 0 0.0814 4.4366 0.0824 4.3897 0.0859 4.4776 0.0923 4.5874 

� � > 0 0.1681 8.6817 0.1997 9.2172 0.1799 8.3331 0.1667 8.7000 

CV 


 , 
+ 
 , 
+ > 0 0 0 0 0 0 0 0 0 

Ä 0 ≤ Ä ≤ 1 0.0014 0.0226 0.0011 -0.0149 -0.0016 -0.0047 0.0013 0.0078 

Change in Dice metric and BPE when the parameters used in Figure 3.6 are altered by ±1,5,10,15.
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3.3 Conclusion 

We developed an algorithm that uses PDP to outline complex shapes.  By introducing the polar 

variance image, we did not have to constrain the size of the object for correct boundary 

delineation, something that previous implementations of PDP [70],[73] were not able to 

accomplish. The proposed algorithm is able to segment high curvature objects, while also 

segmenting low-gradient objects. We showed that our technique performed favorably when 

compared to other segmentation algorithms.  In future work we will extend the algorithm to 

segment 3D objects. 

  



 

70 

 

4 4CH RV SEGMENTATION USING DYNAMIC PROGRAMMING 

In this chapter we describe a novel segmentation algorithm for the RV in 4CH CMR images with 

the goal of using the segmented images to evaluate RV function.  As mentioned in Chapter 1 the 

advantage of using standard 4CH views is that the relevant RV landmarks (i.e., TV plane, apex 

and free wall) are clearly visible in the 4CH views and there is no need to change the existing 

CMR protocols.  The proposed algorithm uses anatomical constraint lines and user-provided 

landmarks to segment the RV. 

4.1 Algorithm Description 

The proposed technique consists of the following steps: (1) automatic segmentation of the 

cardiac region of interest (ROI); (2) user identification of the ED and ES frames along with the 

appropriate landmarks; (3) automatic propagation of landmarks throughout the cardiac cycle; (4) 

automatic identification of the septum and (5) final segmentation of the RV (given the septum 

and the propagated landmarks).  (6) The semi-automated RV segmentation masks can be 

smoothed in the temporal axis to produce a temporally smoothed segmentation mask.  (7) As an 

optional feature, the proposed technique can exclude the trabeculae if needed, when the user 

chooses to focus only on the blood pool (BP) part of the RV.  These steps are outlined in Figure 

4.1. 
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Figure 4.1 4CH Segmentation Flowchart.  Magenta denotes the module that requires user interaction; blue 

denotes optional modules. 

 

4.1.1 Identify Cardiac Region of Interest 

The first step of our technique is to identify the cardiac ROI.  Consider a 4CH image sequence of 

the cardiac cycle, where we define each pixel as r)@, B, X) where X is the frame number and 

)@, B) are the coordinates within the given frame. To automatically identify the cardiac ROI, we 
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identify the pixels where there is motion – specifically, we check for a high standard deviation of 

pixel intensity throughout the cardiac cycle.  The standard deviation image is defined as  

 �Ñ)@, B) = Ò 1Ó − 1 Ô|r)@, B, [) − �Ñ)@, B)|+Õ
Fz  

(4.1) 

where  

 �Ñ)@, B) = 1Ó Ô r)@, B, [)Õ
Fz  

(4.2) 

Ó is the number of frames in the cardiac cycle; in our experiments Ó = 25. High values of �Ñ 
denote high intensity variability throughout the cardiac cycle, which we associate with cardiac 

movement. Therefore, to find the cardiac ROI we threshold �Ñ, using k-means++ [76]; other 

techniques such as Otsu [77] or fuzzy C-means [78], would also be effective for thresholding. 

Once we threshold �Ñ, we define the cardiac ROI as the bounding box of the largest connected 

component as illustrated in Figure 4.2a-b. For subsequent processing, we only analyze the pixels 

that reside cardiac ROI.  
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Figure 4.2 4CH CMR image at (a) ED and (b) ES. The zoomed cardiac region of interest at ED and ES is 

shown in (c) and (d). The RV anatomical landmarks are annotated in (c) and (d). Landmarks that will be 

selected by users of the technique are shown as circles in (c) and (d). 
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4.1.2 Identify landmarks in ED and ES frames 

The second step in our algorithm is the user identification of the ED and ES frames.  The ED 

frame is the frame that qualitatively shows the RV at its largest size. Once selected, the user 

identifies the following landmarks: the apex, both sides of the TV (i.e., lateral and septal) and the 

middle of the BP, shown in Figure 4.2c.  The apex can be found by selecting the region where 

the free wall and the septum intersect.  The left lateral side of the TV is located in the proximal 

part of the septum (i.e. where the septum becomes thinner); the right lateral side of the TV is 

next to the atrial insertion point (i.e., follow the free wall from the apex, and localize the 

indentation). Standard anatomic landmarks were utilized to identify the TV. The middle of the 

BP is a point near the center of the RV that has a high intensity (i.e., blood pixel).  

The ES frame is the frame that qualitatively shows the RV at its smallest size.  There may be 

multiple frames that qualitatively appear to contain the smallest RV area. In this case, the ES 

frame is the frame where the midpoint of the TV looks the closest to the apex. Once the ES 

frame is selected, the user identifies the apex and both sides of the TV (i.e. lateral and septal).  

Since the TV is closed in the ES frame, the valve is clearly visible in the image and the TV 

landmarks are selected from the intersection between the TV line with the free wall (TV lateral 

landmark) and septum (TV septal landmark). The middle of the BP landmark is not selected in 

the ES frame because the algorithm propagates the landmark automatically from the ED frame, 

as indicated below. 

4.1.3 Propagate landmarks throughout the cardiac cycle 
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For each of the user-selected landmarks, the technique finds the minimum cost trajectory of the 

specific landmark throughout the cardiac cycle. Although there are multiple shortest path 

algorithms [35],[81], we use dynamic programming [40], which we modify so that the path 

intersects each frame at just a single point. 

The cost function (pH) that is used for the propagating the BP landmarks is the edge strength of 

r)@, B, X), which is calculated by using equation (3.2) on each frame. For the other landmarks, 

(pH) is r because the shortest path will follow a low intensity point throughout the cardiac cycle. 

To make sure that the technique selects the landmark as part of the path, we add a constant value 

to pH, and we set the cost to zero at the user-selected landmark locations.  The constant value is 

the maximum of the number of elements of pH and the maximum value of the array. 

For the path to be smooth, we want the location of the landmark at frame 1 to be adjacent to the 

location of the landmark at frame Ó.  To add this constraint to the dynamic programming, we 

extend pH along the temporal dimension in a periodic fashion from e1, Óh to e−Ó + 1,2Óh. This 

extended version is referred to as pH∗. 

Given pH∗ we initialize the cumulative sum used in dynamic programming to be �H)@, B, −Ó +
1) = pH∗)@, B, −Ó + 1) for each @, B.  The other �H values are recursively computed: 

 �H)@, B, X) =   Ömin× �HJ@H , BH , X − 1KØ + CH∗)x, y, n) (4.3) 

where  

 Ω = µJ@H , BHK: Ê@H − @Ê ≤ I#, ÊBH − BÊ ≤ I$¶ (4.4) 
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for each X ∈ e−Ó + 2,2Óh and for each (@, B), where (I#, I$) represent the step size used in the 

dynamic programming search. For each landmark, the step size (I#, I$) is calculated to be the 

average landmark displacement per frame: 

 I# = |@ÛÜ − @ÛÝ|ÐÛÜ,ÛÝ  (4.5) 

 

 I$ = |BÛÜ − BÛÝ|ÐÛÜ,ÛÝ  
(4.6) 

where  

 ÐÛÜ,ÛÝ = min)|lm − lj|, Ó − |)lm − lj)|) (4.7) 

Here )@ÛÜ , BÛÜ) and )@ÛÝ, BÛÝ) are the landmark’s )@, B) coordinates for the ED and ES frame, 

respectively. For the middle of the BP, we set I# = I$ = 1 to reduce the amount of movement 

of the landmark throughout the cardiac cycle.  

Let us denote the path as Þ = )� , … , �+Õ), where �g = )@g, Bg). Once �H has been generated, 

the path is initialized as follows 

 �+Õ = argmin#,$  �H)@, B, 2Ó) (4.8) 

The rest of the path is created as follows 

 �g = argmin×∗ �H)@, B, X) (4.9) 

where 
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 Ω∗ =  µ)@, B): |@ − @gQ | ≤ I#, |B − BgQ | ≤ I$¶ (4.10) 

4.1.4 Identify Septum 

The septum is a low intensity region within the cardiac ROI that separates the RV from the LV. 

The free wall is also a low intensity region, so we use the following technique to ensure that the 

free wall is not accidentally included as part of the septum.  On each frame we threshold 

r)@, B, X) to find the low intensity regions inside the cardiac ROI.  Then, we modify those low 

intensity regions to exclude any pixels that fall outside an ellipse of the form, 

 )@cos)!) −  Bsin)!) +  *#)+�+ + J@sin)!) + Bcos)!) + *$K+\+ = 1 (4.11) 

where 

 � = ßJ@à± − @3áâK+ + JBà± − B3áâK+
2  

(4.12) 

 \ = �2 (4.13) 

 ! = tan1 ÉBà± − B3áâ@à± − @3áâË (4.14) 

 *# = round 7@à± + @3áâ2 < (4.15) 

 *$ = round 7Bà± + B3áâ2 < (4.16) 

Here )@à± , Bà±) and )@3á�, B3á�) are the )@, B) coordinates for the apex and the septal part of the 

TV landmarks, respectively.  We assume a 2:1 aspect ratio for the ellipsoidal fit of the septum 

region. 
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4.1.5 Segment RV Using Landmarks 

Given the propagated landmarks and the septum at each frame, we proceed to segment the RV 

throughout the cardiac cycle. The contour that outlines the ventricle is obtained as follows: first 

the technique constructs an RV ROI; second it outlines the free wall; third it finds the 

endocardial border; and fourth it joins the septal and lateral sides of the TV, using a straight line, 

to form the border corresponding to the TV. The endocardial border is the high gradient region 

that divides the BP from the septum and goes from the apex to the septal part of the TV. A 

smoothing operation is performed to ensure a smooth RV contour.  A morphological filling 

operation [79] is carried out to generate a mask from the contour. 

4.1.5.1 Right Ventricular Region of Interest (RV-ROI) 

The segmentation procedure begins by finding a sub-region within the cardiac ROI that pertains 

to the RV-ROI. For the ED frame the RV-ROI is the overlap between the cardiac ROI and the 

rectangle consisting of lines L1, L2, L3 and L4, shown in Figure 4.3.  Letting I denote the pixel 

distance between the lateral and septal sides of the TV, construct L1 as a line perpendicular to the 

TV positioned I pixels right lateral from the lateral side of the TV.  Construct lines L2 and L3 

parallel to the TV positioned I/5 pixels proximal from the TV and distally from the apex, 

respectively.  Finally, construct L4 as a line perpendicular to the TV positioned I/5 pixels left 

lateral from the apex. For subsequent frames, the ROI is formed by taking the final, semi-

automated RV mask in the ED frame and applying morphological dilation [80] using a 3 × 3 

square operator. The pixel locations that fall outside the ROI but inside the cardiac ROI will be 

given a fixed cost function value in the subsequent steps of the segmentation procedure. 
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Figure 4.3 The RV-ROI is the overlap between the rectangle created by lines L1, L2, L3 and L4 and the 

cardiac region of interest. 

 

4.1.5.2 Outline the Free Wall 

The contrast between the trabeculae and the BP is greater than the contrast between the 

trabeculae and the free wall.  This is why active contour algorithms that rely on gradient strength 

to achieve a minimum cost spline [46][52][54] will latch onto the trabeculae/blood pool 

boundary rather than the free wall.  Since the free wall has lower mean intensity than the 

trabeculae, minimum shortest path techniques are used for this task. 

We compare three different techniques for outlining the free wall: Dijkstra’s shortest-path 

algorithm [35], Strandmark’s ALCT algorithm [81] and a modified version of the algorithm 
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described in Chapter 3.  For [35] and [81] we use r)@, B, X) as the primary component for the 

cost function. To restrain the minimum cost path from going into the septum, we set all the 

pixels in the septum to have the highest value in the cost function for the given frame. Unlike 

Dijkstra’s algorithm, which uses no parameters, ALCT uses an A* algorithm [38] that 

incorporates length, curvature and torsion penalties in an active contour model to find the 

minimum cost path. The method for selecting the parameters for both ALCT and PDP is 

explained in the section 4.3.3. 

The PDP algorithm finds a segmentation mask by finding a path using polar coordinates. The 

technique used for finding the path is dynamic programming [40].  The inputs to the algorithm 

described in Chapter 3 are the intensity image r)@, B, X), and the gradient strength C)@, B, X) 

defined by (3.1) or (3.2).  To ensure that the free wall does not latch onto the trabeculae/BP 

boundary we replace C)@, B, X) with 

 C)@, B, X) =  max #,$ r)@, B, X) − r)@, B, X) (4.17) 

This new definition of the gradient strength will give high values to the free wall, allowing the 

PDP to latch to the free wall.  Given r)@, B, X) and C)@, B, X), we create the cost function using 

equations (3.3)-(3.9). The origin used in eqs (3.3) and (3.4) is the middle of the BP landmark. 

To incorporate the landmarks into this cost function, we set the cost to zero at the polar 

coordinates associated with the lateral portion of the TV and the apex for a given frame, and add 

a constant value to the other cost function values in a given frame (X).  The constant value is set 

to the number of elements in the p)¤, ¥, X) array.  Given the p)¤, ¥, X) array we find the closed 

contour using the technique outlined in section 3.1.3. The algorithm described in Chapter 3 



 

81 

 

generates a closed contour that may include regions that are proximal to the TV or overlap with 

the septum.  Any part of the segmentation mask that is proximal to the TV or in the septum is 

removed. 

4.1.5.3 Identifying septum-BP border 

Given the free wall, the technique proceeds to find the septum-BP border.  For each frame we 

calculate the cost function by first calculating the edge strength as defined by (3.2).  Next we 

subtract the edge strength from the maximum edge strength.  Given this cost function, the 

septum-BP border is the minimum cost path from the apex to the septal portion of the TV. To 

find the septum-BP border, we use Dijkstra’s shortest-path algorithm. 

4.1.6 Incorporate Temporal Smoothness 

Given the semi-automated segmentation of the RV in 4CH cardiac images, we smooth the 

segmentation by applying a 1D median filter [82] in the temporal dimension. For all patients we 

used a filter size of 5. The median filter in the temporal dimension is implemented as follows: for 

each )@, B) coordinate, look at its 2 nearby neighbors in the temporal dimension. Apply a median 

filter to those binary values. We keep the constraint in the previous section that removes every 

pixel that is proximal to the TV.  The temporal smoothness will remove outlying traces at the 

expense of reducing metrics such as fractional area change. 

4.1.7 Identifying Blood Pool 

As shown in Figure 4.2c-d, the RV is composed of the trabeculae and the BP.  The impact of 

including the trabeculae in SAX CMR views is assumed to be small in healthy individuals [83]; 
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no such analysis has been done for 4CH views. An advantage of the proposed technique is that it 

can automatically exclude trabeculae from the semi-automated segmentation of the RV if 

needed. The BP is defined as the largest connected component inside the semi-automated 

segmentation of the RV that has an intensity value higher than a threshold.  To find the 

threshold, we first calculate the histogram of r)@, B, X) at the locations of the septum and the RV, 

respectively and compare the frequency for each intensity bin.  The threshold is the highest 

intensity bin where the frequency of the septum is higher than the frequency of the RV. 

4.2 Manual Tracing Protocol 

In [84] Schulz-Menger et al. outlined a series of recommendations to improve the reproducibility 

of the RV segmentation in 4CH and SAX CMR images. One main recommendation is to include 

the RV trabeculae within the BP volume to improve reproducibility.  A second recommendation 

is to draw a smooth endocardial border. Even though it is not explicitly said in [84], we noticed 

that the authors approximate the TV using a line that connects the septal and lateral sides of the 

TV.  

Manual tracing was performed two radiologists and a cardiologist, each with at least 5 years of 

training and experience in the interpretation of CMR images.  To allow for human variability and 

biases in the manual tracing, each tracer was blinded to the others’ work. 
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4.3 Data and Performance Metrics 

4.3.1 Data 

To evaluate the segmentation performance we analyzed 175 images coming from 7 different 

patients (25 frames per patient).  Images were acquired in a Siemens 1.5T Aera scanner, using a 

cine steady-state free-precession pulse sequence (TR = 2.7-2.8 ms, TE = 1.16 ms, acq. matrix = 

168 x 192, FOV = 29.8 x 34 cm; slice thickness = 6 mm) and a phased array flex body coil. 

4.3.2 Performance Metrics 

The performance metrics used for analysis are the Dice Metric [74], FAC and the correlation 

coefficient (R) [85].  The latter measures the closeness of data points to a regression line of the 

form B = Z@ + \, and is defined as 

 � =  ∑ )@F − @̅))BF − Bã)ÕFz ße∑ )@F − @̅)+ÕFz he∑ )BF − Bã)+ÕFz h (4.18) 

where  

 @̅ = 1Ó Ô @FÕ
Fz  (4.19) 

and  

 Bã = 1Ó Ô BFÕ
Fz  

(4.20) 

Here @ and B represent two samples. For our experiment, Ó = 7.The sign of R will be the same 

as the sign of the slope (Z) of the regression line.  Values of R close to one indicate a strong 
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positive linear relationship between the variables (@, B).  Values of R close to zero indicate 

@ and B are independent. 

4.3.3 Parameter Selection 

To achieve best performance, the algorithm-specific parameters that yield the highest mean Dice 

metric needs to be used. To reduce bias, the traces we used for optimizing the algorithm-specific 

parameters were not used for the subsequent experiments. The PDP as defined in Chapter 3 has 5 

major parameters �,∆¥,∆¤,!,�. We set the smoothing parameter (�) to 5°, the radial sampling 

interval (∆¥) to 0.5 pixels and set the parameter that measures the importance of the gradient 

strength (�) to be dependent on the importance of the polar variance image (!) by the equation 

� = 1 − !. The range of ! was from 0.3 to 0.6 in 0.1 increments.  The range of angular 

sampling interval (∆¤) was from 0.4 to 1.1 in 0.1 increments. The algorithm-specific parameters 

of ! = 0.4 and ∆¤ = 0.8 yielded the highest mean Dice. 

ALCT identifies 3 major parameters ¥, �, Ä. According to [81], a high torsion regularization (Ä) 

forces the curve to stay within a plane; since we are working with 2D images we set Ä = 0. For 

finding the optimum curvature regularization (�) we set the length regularization to zero (¥ = 0), 

and vary � from 101ä to 10ä in 10�.  increments.  Given the optimum �, we vary the length 

regularization from 0 to 1 in 0.025 increments.  The algorithm-specific parameters of � = 10+.� 

and ¥ = 0.35 yielded the highest mean Dice. 
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4.4 Results 

Table 4.1 shows the results of the Dice analysis (mean and standard deviation based on a total of 

175 images) between the physicians.  The percent overlap between the traces (which is in the 

mid to high 80s) reflects the variability between the physicians and serves as reference for 

evaluating the performance of the semi-automated algorithms. 

 

Table 4.1 Inter-physician manual tracing performance. This table shows the overlap between different 

trained physicians using the tracing protocol (described in the manual tracing protocol section) to 

manually trace the 4CH RV throughout the cardiac cycle. 

Manual Tracing  

Manual Tracing  

Physician1  Physician2  Physician3  

μ ± σ  μ ± σ  μ ± σ  

Physician1  -  0.8707 ± 0.0561  0.8592±0.0526  

Physician2  0.8707 ± 0.0561  -  0.8562±0.0544  

Physician3  0.8592 ± 0.0526  0.8562 ± 0.0544  -  

 

Table 4.2 shows the results of the Dice between the semi-automated algorithms and the 

physicians’ manual traces. This metric gives insight as to which free wall outlining algorithm 

(PDP, ALCT or Dijkstra) provided a better match with the physicians’ traces. The first column 

of Table 4.2 shows which physician selected the landmarks, each physician selected 7 landmarks 

per patient.  The second column shows whether the mask used to calculate the Dice is the RV 

(BP + trabeculae) or the BP. The third column of Table 4.2 denotes the algorithm used for 
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outlining the free wall. Note that although all Dice values are within physician variability, the 

PDP consistently outperforms the ALCT and Dijkstra algorithms. When comparing the mutual 

overlap between the physicians’ manual traces and the RV or BP semi-automated masks, we can 

see that physician 1 has a better overlap with the RV; meanwhile for physicians’ 2 and 3 have a 

higher Dice with the BP. This means that the traces from physician 1 included more trabeculae, 

while physicians 2 and 3 tended to exclude more trabeculae. 

Table 4.2 Comparing physician manual tracing to semi-automated tracing (RV and BP) using physician 

landmarks. 

Landmark 

Selection  Segmentation  
Free 

Wall  

Manual Tracing 

Physician1 Physician2 Physician3 

μ ± σ μ ± σ μ ± σ 

Physician1  RV  PDP  0.8970 ± 0.0418 0.8639 ± 0.0723 0.8413 ± 0.0580 

ALCT  0.8912 ± 0.0493 0.8691 ± 0.0667 0.8465 ± 0.0589 

Dijkstra  0.8879 ± 0.0392 0.8657 ± 0.0629 0.8418 ± 0.0554 

BP  PDP  0.8614 ± 0.0549 0.8835 ± 0.0463 0.8690 ± 0.0477 

ALCT  0.8475 ± 0.0636 0.8784 ± 0.0533 0.8616 ± 0.0596 

Dijkstra  0.8516 ± 0.0527 0.8790 ± 0.0442 0.8626 ± 0.0507 

Physician2  RV  PDP  0.8953 ± 0.0434 0.8676 ± 0.0717 0.8335 ± 0.0601 

ALCT  0.8884 ± 0.0539 0.8712 ± 0.0711 0.8372 ± 0.0632 

Dijkstra  0.8777 ± 0.0496 0.8613 ± 0.0701 0.8254 ± 0.0615 

BP  PDP  0.8638 ± 0.0543 0.8874 ± 0.0452 0.8623 ± 0.0469 
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a 

ALCT  0.8508 ± 0.0658 0.8810 ± 0.0562 0.8554 ± 0.0592 

Dijkstra  0.8499 ± 0.0599 0.8778 ± 0.0523 0.8529 ± 0.0542 

Physician3  RV  PDP  0.8969 ± 0.0410 0.8699 ± 0.0706 0.8372 ± 0.0514 

ALCT  0.8860 ± 0.0577 0.8691 ± 0.0711 0.8378 ± 0.0606 

Dijkstra  0.8880 ± 0.0444 0.8706 ± 0.0671 0.8363 ± 0.0542 

BP  PDP  0.8615 ± 0.0536 0.8872 ± 0.0452 0.8628 ± 0.0423 

ALCT  0.8451 ± 0.0683 0.8772 ± 0.0584 0.8526 ± 0.0635 

Dijkstra  0.8559 ± 0.0547 0.8848 ± 0.0464 0.8592 ± 0.0488 

 

The next step was to measure the robustness of the different free wall outlining techniques to 

landmark selection. Table 4.3a shows the Dice when looking only at the RV semi-automated 

masks; Table 4.3b shows the Dice when looking only at the BP semi-automated masks. Note that 

although the Dice values are in the mid to high 90s, the PDP consistently outperforms the ALCT 

and Dijkstra algorithms. 

Table 4.3 Inter-physician performance using semi-automated techniques to do the tracing.  The tables 

calculates the mutual overlap when comparing (a) semi-automated RV masks and (b) semi-automated 

blood pool (BP) masks. 

Landmark 

Selection  Free Wall  

Landmark Selection 

Physician1 Physician2 Physician3 

μ ± σ μ ± σ μ ± σ 

Physician1  PDP  - 0.9629 ± 0.0212 0.9661 ± 0.0218 
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ALCT  - 0.9569 ± 0.0396 0.9636 ± 0.0346 

Dijkstra  - 0.9488 ± 0.0315 0.9627 ± 0.0261 

Physician2  PDP  0.9629 ± 0.0212 - 0.9670 ± 0.0244 

ALCT  0.9569 ± 0.0396 - 0.9633 ± 0.0355 

Dijkstra  0.9488 ± 0.0315 - 0.9595 ± 0.0303 

Physician3  PDP  0.9661 ± 0.0218 0.9670 ± 0.0244 - 

ALCT  0.9636 ± 0.0346 0.9633 ± 0.0355 - 

Dijkstra  0.9627 ± 0.0261 0.9595 ± 0.0330 - 

 

Landmark 

Selection  Free Wall  

Landmark Selection 

Physician1 Physician2 Physician3 

μ ± σ μ ± σ μ ± σ 

Physician1  PDP  - 0.9674 ± 0.0190 0.9704 ± 0.0235 

ALCT  - 0.9605 ± 0.0375 0.9653 ± 0.0342 

Dijkstra  - 0.9531 ± 0.0300 0.9624 ± 0.0271 

Physician2  PDP  0.9674 ± 0.0190 - 0.9708 ± 0.0261 

ALCT  0.9605 ± 0.0375 - 0.9665 ± 0.0362 

Dijkstra  0.9531 ± 0.0300 - 0.9635 ± 0.0338 

Physician3  PDP  0.9704 ± 0.0235 0.9708 ± 0.0261 - 

ALCT  0.9653 ± 0.0342 0.9665 ± 0.0362 - 

b 
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Dijkstra  0.9624 ± 0.0271 0.9635 ± 0.0338 - 

PDP, polar dynamic programming; ALCT, a* using length, curvature and torsion penalties; 

 

In Table 4.2, we showed that the semi-automatic techniques generated Dice values that were 

within human variability. Therefore, we wanted to see if this translates to similar FAC values. 

The FAC analysis for Table 4.4 and 4.5 was done using the semi-automated segmentation masks 

generated by the PDP free wall technique. Table 4.4  shows the mean FAC and standard 

deviation of the three manual traces, the RV and BP FAC values. The results show that the RV 

and BP FAC have lower standard deviation than the FAC derived from manual tracers.  In 

general, the FAC calculated from the BP is similar to the average manual traces; this is expected 

since 2 out of the 3 tracers excluded the trabeculae region as part of the RV. The BP FAC is 

generally higher than the RV FAC.  The reason may be that in the ES frame a large percent of 

the RV is trabeculae and when excluded, the area in the ES frame is lower, resulting in a higher 

FAC. 
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Table 4.4 Comparison of FAC derived from three different measurements; manual traces, RV and BP. 

Segmentation 
Free 

Wall 

Patient 

1 2 3 4 5 6 7 

μ ± σ μ ± σ μ ± σ μ ± σ μ ± σ μ ± σ μ ± σ 

Manual Trace - 0.4977 ± 

0.0474 
0.4823 ± 

0.0459 
0.5105 ± 

0.0520 
0.2655 ± 

0.0143 
0.5435 ± 

0.0192 
0.4365 ± 

0.0574 
0.5269 ± 

0.0848 

RV PDP 0.4143 ± 

0.0134 
0.3622 ± 

0.0251 
0.3706 ± 

0.0268 
0.2152 ± 

0.0103 
0.4485 ± 

0.0100 
0.2470 ± 

0.0445 
0.3303 ± 

0.0277 

BP PDP 0.4943 ± 

0.0079 
0.4424 ± 

0.0150 
0.5207 ± 

0.0221 
0.2394 ± 

0.0133 
0.5195 ± 

0.0083 
0.3107 ± 

0.0324 
0.5355 ± 

0.0251 
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Finally, we use R and confidence intervals from FAC measurements to measure the linear 

relationship and determine whether the relationship is statistically significant. The statistical 

analysis was performed comparing the inter-physicians’ FAC variance (Table 4.5a), the semi-

automated segmentation focusing on BP FAC with the physicians’ FAC based on their manual 

tracing (Table 4.5b), and the semi-automated segmentation focusing on BP FAC among 

themselves (Table 4.5c).   Table 4.5a shows that the correlation coefficients range from 0.9377 to 

0.7364 and only the FAC between physicians 1 and 2 turns out to have a p value > 0.05.  Table 

4.5b shows that the correlation coefficients range from 0.7886 to 0.9238 with p values < 0.05.  

Finally, Table 4.5c shows the overlap between the semi-automated technique using different 

physicians’ landmarks.  Note that all the R values are higher than 0.95 and their respective p 

values < 0.01. 

Table 4.5 R score and P value using FAC.   (a) Inter-physician manual tracing performance, (b) physician 

manual tracing to semi-automated tracing (RV and BP) using physician landmarks, and (c) inter-

physician performance using semi-automated technique to do the tracing. 

Manual Outlining 

Manual Outlining 

Physician1 Physician2 Physician3 

R R R 

Physician1 - 0.7364* 0.9377★ 

Physician2 0.7364* - 0.7809✚ 

Physician3 0.9377★ 0.7809✚ - 

 

 

Landmark Selection 

Manual Outlining 

Physician1 Physician2 Physician3 

R R R 

Physician1 0.8382✚ 0.8321✚ 0.8143✚ 

Physician2 0.9238★ 0.8225✚ 0.9114★ 

Physician3 0.8692✚ 0.7886✚ 0.8680✚ 

a 

b 
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Landmark Selection 

Landmark Selection 

Physician1 Physician2 Physician3 

R R R 

Physician1 - 0.9745✓ 0.9740✓ 

Physician2 0.9745✓ - 0.9843✓ 

Physician3 0.9740✓ 0.9843✓ - 
* p-value < 0.1, ✚p-value < 0.05, ★p-value < 0.01, ✓p-value < 0.001. 

 

4.5 Analysis 

Understanding the functional properties of the cardiac chambers is important for diagnosing both 

LV and RV related cardiovascular disorders.  However, over the years most of the attention has 

been on the LV, in part due to the lack of optimal imaging tools for looking at the RV [3]. With 

the advent of CMR, it is now possible to quantify the function of both the LV and RV providing 

new capabilities related to the latter.  Most of the analysis tools available in the clinic are still 

focused on the LV.  The algorithm presented above was developed to provide an easy-to-use tool 

for the functional analysis of the RV.  The algorithm was designed to segment the RV in 4CH 

views with the option to include or exclude the trabeculae to accommodate for different methods 

for RV functional analysis [4] . 

The results described previously show that the proposed technique yields results that are within 

human variability (Table 4.2), while also being robust to physicians’ landmarks (Table 4.3).  

Using as measurement Dice, PDP outperformed Dijkstra and ALCT in the delineation of the free 

wall. When the analysis turned to a more clinical measure, FAC BP yielded results similar to the 

physicians’ traces (Table 4.4, Table 4.5b) because two out of the three tracers excluded the 

c 
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trabeculae from the RV trace.  We also show that FACs are robust to the physicians’ landmarks 

(Table 4.5c). 

One of the main reasons for the discrepancy between the manual outlines (Table 4.1) is the 

trabeculae.  For instance, if the Dice metric is calculated only on the ED frame, the values are in 

the low 90s.  Yet the Dice metric calculated throughout the cardiac cycle yields values in the mid 

to high 80s; thus the increase in variability stems from trabeculae found in the systolic portion of 

the cardiac cycle.  The increase in variability stems from trabeculae found in the ES frame.  The 

question whether the trabeculae should or should not be included as part of the physicians’ trace 

is still up for debate [4].  An example of the outline variation can be seen in Figure 4.4. One of 

the physicians included almost no trabeculae while another physician included most of the 

trabeculae. These discrepancies lead to the high variability seen throughout the study (i.e., Table 

4.1, Table 4.4 and Table 4.5a).   

 
Figure 4.4 ES physicians’ trace.  Trace from physician 1 (in red) includes most of the trabeculae, while 

the other trace (orange) excludes most of the trabeculae. 
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Looking at Table 4.4 we can see that the patients who have mean BP FAC outside a standard 

deviation of the mean manual traces FAC are patients 2 and 6. The main problem with patient 2 

was the selection of the ES frame.  The area from the manual outlines consistently identify frame 

13 as the ES frame, whereas the physicians visually identified the ES frame in the 9-10 range.  

When the error between the selected ES frame and the real ES frame is more than 2 frames, the 

performance, as measured by FAC will suffer. Patient 6 shows the importance of selecting the 

correct landmark locations.  The difference in FAC for this patient can be attributed to the 

landmark selection, in this particular case, the location of the septal portion of the TV, show in 

Figure 4.5.  An incorrect landmark selection may affect the area of the ventricle in the ED or ES 

frame and consequently affect the final FAC value. 

Another important aspect of this proposed technique is the time component.  The proposed 

method using PDP for outlining the free wall, took on average 2 minutes per patient, while 

manual tracing took the physicians approximately 15 minutes per patient. 

 
Figure 4.5 BP FAC for different user-selected landmarks in the (a) ED and (b) ES frame.  The outline in 

green yielded the highest BP FAC, while the outline in cyan yielded the lowest BP FAC. 
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4.6 Conclusion 

We developed an algorithm based on landmark selection and PDP for the semi-automatic 

segmentation of the RV in 4CH cine CMR images. The results show that the proposed technique 

matches the physicians’ manual traces and reduces variability among tracers. The results indicate 

that the algorithm can optimize the workflow associated with the analysis of the RV by reducing 

the time required for the RV segmentation.  We showed that BP FAC matches the results derived 

from the manual tracers.  Future work may use the 4CH segmented RV to measure the free wall 

motion in the RV similar to the work done by Nagel in the LV [86]. 
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5 SAX RV SEGMENTATION USING DYNAMIC PROGRAMMING 

In chapter 3 we describe a PDP technique able to segment non-circular objects, such as the RV in 

a SAX view (Figure 3.6e). In chapter 4 we described a technique to segment the RV in 4CH 

view.  This exploratory chapter focuses on incorporating the PDP algorithm with the 4CH RV 

segmentation to segment the RV in the SAX view. 

5.1 Algorithm Description 

The proposed technique consists of the following steps: (1) 4CH semi-automatic segmentation of 

the RV; (2) geometric relationship between SAX and 4CH views; (3) 4CH segmentation of the 

LV; (4) identification of the SAX slices as basal, mid-ventricular or apical; (5) automatic 

identification of the ROI for each slice; (6) transformation of the 4CH RV and LV masks into the 

SAX view; and finally the segmentation of the (7) LV and (8) RV. These steps are outlined in 

Figure 5.1. 4CH semi-automatic segmentation of the RV is explained in Chapter 3. 
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Figure 5.1 SAX RV Segmentation Flowchart. 
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5.1.1 Find geometric relationship between SAX and 4CH views 

In section 1.1.2 we explained how to create 2D MR images.  These acquired MR images have 

headers that include the subject’s position within the patient coordinate system (PCS)25 [87]. The 

image header contains: 

1. Image position (Þ#$6): location in 3D space of the first transmitted pixel. 

2. Pixel spacing (∆@, ∆B): a vector containing the physical distance between adjacent 

vertical and horizontal pixels.  The distance is measured in millimeters. 

3.  Image orientation (å#$6, æ#$6): the direction cosines of the first row and column with 

respect to the patient. 

4. Slice thickness (∆�): nominal slice thickness. The thickness is measured in millimeters.  

Given the above information we create a rotation matrix (�ç�2) that rotates the 2D image from 

the image plane to PCS. 

 �ç�2 = èå#∆@ æ#∆B 0 Þ#å$∆@ æ$∆B 0 Þ$å6∆@0 æ6∆B0 00 Þ61 é 

(5.1) 

To make �ç�2 invertible we fill the third column with: 

 ê#$6 = å#$6 × æ#$6 (5.2) 

where × is the cross product.  This makes (5.1) become: 

                                                 
25 3D system representing the location of the patient with respect to the imaging modality. The x-axis increases to 

the left hand side of the patient, the y-axis increases to the posterior side of the patient and the z-axis increases going 

to the head of the patient.  
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 �ç�2 = èå#∆@ æ#∆B ê#∆� Þ#å$∆@ æ$∆B ê$∆� Þ$å6∆@0 æ6∆B0 ê6∆�0 Þ61 é 

(5.3) 

Let’s define �ç�2äìí and �ç�2Ýà  as the rotation matrices that takes the data from the 4CH image 

plane and SAX image planes, respectively, and rotate them to the PCS. Using right hand side 

matrix multiplication, we can define the rotations matrices that go from the SAX view to the 

4CH view as 

 �Ýà1äìí = )�ç�2äìí)1 �ç�2Ýà  (5.4) 

To go from the 4CH view to the SAX view just invert (5.4).   

5.1.2 Segment 4CH LV epicardial border 

The epicardial border of the LV in 4CH view is shown in Figure 5.2. Note that inside the 

epicardial border there are bright pixels (corresponding to the BP of the LV) and pixels with 

similar intensity to the trabeculae in the RV. To find the LV epicardial border we look for 

intensities that are similar to those of the RV (both BP or trabeculae) and are left lateral to the 

RV.  

Even if the thresholding technique includes regions that are not part of the epicardial border, the 

results will be fine-tuned in the “segment SAX LV” section. 
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Figure 5.2 LV epicardial border (magenta outline). 

 

5.1.3 Identify SAX Slices 

Consider the array containing the SAX slices as r)@, B, �, X), where X is the frame number )@, B) 

are the coordinates within the given frame and � is the SAX slice index. There is a need to 

identify the SAX slices as different parts of the RV have different properties (e.g., RV being 

divided in two regions at the basal slices).  The first step is to take the SAX slices and transform 

them to the 4CH view using (5.4).  The SAX slices that overlap with the 4CH segmented RV 

area will be categorized into three classes: basal, mid-RV and apical slices (as shown in Figure 
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5.3).  Going from proximal to distal, the most proximal third of the slices will be classified as the 

basal slices; the next third will be classified as mid-RV slices; the last third of the slices will be 

the classified as apical slices.  

Aside from the general classification of the slices we also need a representative slice to generate 

the RV model that will be used throughout the SAX RV segmentation process. The RV 

representative slice is the most proximal mid-RV slice.  We use this slice because it is not part of 

the basal region, has an area comparable to the basal slices and contains fewer trabeculae than 

the apical slices. 
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Figure 5.3 Overlap between SAX and 4CH views. The yellow lines show how the SAX views overlap 

with the 4CH view.  CMR images of SAX views are shown from the base (upper left from the SAX 

stacks) all the way to the apex (lower right from the SAX stacks). 

 

5.1.4 Transform 4CH RV and LV Segmentation into SAX Slices 

To transform 4CH RV and LV segmentation masks to the SAX view we use the inverse of (5.4). 

This technique helps reduce the ROI by giving a rough estimate of the LV and RV in SAX 

views.  An example is shown on Figure 5.4.  
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Figure 5.4 4CH RV (cyan) and LV segmentation (magenta) (a) displayed onto the 4CH view. (b) The 

4CH segmentations are rotated into SAX slices and displayed as lines each of the SAX slices. Lines in 

SAX slices have been dilated for viewing purposes. 

 

5.1.5 Identify ROI for each SAX Slice 

To automatically identify the ROI within each slice, the algorithm looks for high standard 

deviation of pixel intensities throughout the cardiac cycle.  The standard deviation image is 

calculated using (4.1).  To get an initial binary mask (Z)@, B)), the standard deviation image is 

thresholded using k-means++.  Given an initial mask, we calculate the vertical profile as: 
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 ℎ)B) = b Z)@, B)I@ (5.5) 

Given the vertical profile, the technique looks for the peak value (Ðî�ç2). Then it thresholds ℎ)B) 

to find values greater than 0.1Ðî�ç2.  The row-wise extension of the ROI (B�d#,B�Fg) is the 

largest connected component of the thresholded ℎ)B).  

  ℎ)@) = b Z)@, B)IBBZ�@

$ï½ð
 (5.6) 

Given the horizontal profile, the technique looks for the peak value (Ð²�ç6).  Then it thresholds 

ℎ)@) to find values greater than 0.1Ð²�ç6.  The technique will keep all connected components 

with an area greater than 25 percent of the area of the largest connected component. The 25 

percent threshold is used because in some cases the binary mask associated with the motion of 

the free wall is not connected to the binary mask associated with the motion of the myocardium. 

The column-wise extension of the ROI (@�d# , @�Fg) are the minimum and maximum column of 

the connected components. Subsequent analysis will focus on pixels that reside inside the ROI.  
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Figure 5.5 Identifying SAX ROI. (a) An image in the SAX view; (b) standard deviation image for the 

given slice; (c) thresholded standard deviation image; (d) ROI reduction using horizontal profiling; (e)  

ROI reduction using vertical profiling and (f) final ROI used for LV and RV segmentation.  

 

5.1.6 Segment SAX LV 

5.1.6.1 Segment SAX LV Endocardial Border 

To segment the SAX LV endocardium border, we first identify BP regions in the SAX slice.  For 

the representative slice, this is done by clustering the image using k-means++ with S = 3 where 

the BP and fat pixels contain the highest mean intensity. The pixels with the lowest mean 

intensity are associated with air, either from the lungs or outside the patient.  For the other slices 

we use the statistics calculated from the LV endocardial border in the representative slice to 

identify BP regions.  The BP regions (shown in Figure 5.6b) associated with the LV 
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endocardium are those which are adjacent to the 4CH LV segmentation rotated into the SAX 

view (magenta line in Figure 5.6c).   

Specifically, let’s define �ñá and )@ñá, Bñá) as the length and centroid of the 4CH LV 

segmentation, respectively, rotated into the SAX view.  Any BP region whose centroid is closer 

than �ñá/4  to (@ñá , Bñá) will be associated with the LV endocardium (Figure 5.6d).  These 

regions are joined by applying a convex hull [61] similar to Lu et al. [62] (Figure 5.6e). Any 

pixel whose intensity is larger than the 99th percentile of the LV endocardial border pixels, is 

identified as a fat pixel. 

 
Figure 5.6 Segmentation of LV endocardial border. (a) cropped SAX view of representative slice; (b) BP 

regions; (c) 4CH epicardial border of LV on SAX view; (d) LV BP region and (e) LV endocardial border.  
 

5.1.6.2 Segment SAX LV Epicardial Border 

Given the endocardial border of the LV, we outline the epicardial border using PDP, similar to 

the work of Lu et al. [61], and Huang et al. [63].  The origin used for segmenting the SAX LV 

epicardial border is the centroid of the BP regions associated with the SAX LV endocardial 
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border (described in section 5.1.6.1) and the cost function is based on the edge strength of 

r)@, B, �, X) with a few modifications.  For example, we know that there is a high gradient region 

just outside of the epicardium therefore any edge strength adjacent to the epicardium region will 

be set to 0.  We also know that the epicardial border should not include BP regions not 

associated with the LV endocardial border (e.g., SAX LV BP), therefore BP regions outside the 

endocardial border will be given a high cost value (i.e., a fake gradient). We also know that the 

endocardial border should not include any air pixels; therefore, a high cost value will be given to 

air pixels (i.e., lowest intensity cluster in the image) as well. With these modifications we run 

PDP as defined in Chapter 3.  Note that since the LV is a circular object, we do not look for 

convex regions (i.e., by skipping the algorithm described in section 3.1.5) and set the algorithm-

specific parameters as follows: ∆¤ = 3°, ! = 0.8, � = 0.2. 

 
Figure 5.7 Change of cost function as explain in section 5.1.6.2. 
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5.1.7 Segment SAX RV 

The 4D segmentation of the epicardial border of the SAX RV is done in the following order: first 

segment the SAX RV in the representative slice in the ED frame.  This generates an RV model 

which we will use for propagating the segmentation of the RV in the ED frame throughout the 

different slices (i.e., spatial propagation).  Once every slice has a model, the algorithm 

propagates the RV model for each slice throughout the cardiac cycle (i.e., temporal propagation). 

If we look at the segmentation of the epicardial border of the SAX RV more generally it can be 

decomposed in the following steps: (1) reduce the ROI, (2) find rough segmentation (3) identify 

origin candidates, (4) update gradient image, (5) segment the RV using PDP, (6) join the 

segmentation masks that come from the different origin candidates and if necessary, (7) refine 

results.   

The endocardial border of the RV SAX is the convex hull of the BP regions that reside inside the 

epicardial border of the RV SAX. 

5.1.7.1 Reducing the ROI 

In section 5.1.5 we identified a ROI that includes the LV and the RV for each slice.  For the 

segmentation of the RV the algorithm further reduces the ROI.  This is done by removing any 

region that is right lateral to the 4CH RV segmentation rotated into the SAX slice and by 

removing any region that is left lateral to the centroid of the LV.  For apical slices we also 

remove any region that is anterior or posterior to the epicardial border of the LV. 
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When performing the temporal propagation, the ROI in a given slice can be further reduced by 

analyzing only the morphological dilation of the convex hull of the RV and LV epicardial border 

for the given slice in the ED frame.  

5.1.7.2  Finding Rough Segmentation 

This section describes the process by which a SAX RV model is propagated to another slice or 

frame using an affine transformation followed by an additional rotation matrix.  This propagation 

is used for identifying BP regions that will be used for generating origin candidates. For spatial 

propagation k��¢�Î is the SAX RV segmentation at the representative slice in the ED frame.  For 

temporal propagation (i.e., throughout the cardiac cycle), k��¢�Î is the SAX RV segmentation in 

the slice being analyzed in the ED frame.  Let’s define kdHHFg� as the affine transformation of 

k��¢�Î, where the origin is the centroid of the k��¢�Î.   
 kdHHFg� = �� ∗ k��¢�Î (5.7) 

Here �� is the affine transformation matrix:   

 �� = ò�#cos )!) −sin )!) 0sin )!) �$cos )!) 0*# *$ 1ó 

(5.8) 

where, 

 �# = max)@�ÎF��) − min)@�ÎF��)maxJ@ç��K − minJ@ç��K  
(5.9) 

and for the mid-RV and apical slices: 

 �$ = max)B�ÎF��) − min)B�ÎF��)maxJBç��K − minJBç��K  (5.10) 
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Here (@�ÎF�� , B�ÎF��) and )@ç��, Bç��) are the coordinates of the 4CH RV rotated into the SAX 

view for the slice being analyzed and the representative slice, respectively. For the basal slices, 

we set �$ = 1, because the movement of the RV in the anterior/posterior direction is restricted 

due to cartilages [88].  For the mid-RV and apical slices the translation values [*#,*$] measure 

the movement needed in order for kdHHFg� to be adjacent to the LV epicardial border. For the 

basal slices, the translation values e*#, *$h measure the movement required to move the right 

lateral part of the kdHHFg� contour to the right lateral part of the 4CH RV rotated in the SAX 

view.  Next, we rotate kdHHFg� using as origin the centroid of the LV mask: 

 kì = �ô ∗ kdHHFg� (5.11) 

where  

 �ô =  õcos )!∗) −sin )!∗) 0sin )!∗) cos )!∗) 00 0 1ö 
(5.12) 

Note that we have not defined the rotation angles ! and !∗.  For the mid-RV and apical slices, 

we set ! and !∗ to the values that maximize the number of BP pixels in kì.  For the basal slices 

we set ! = 0 and only optimize !∗. The optimization is done using exhaustive search where 

−15° ≤ ! ≤ 15° and −50° ≤ !∗ ≤ 0 both with 1° increments.  
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Figure 5.8 Rough segmentation for basal, mid-RV and apical slices. 

 

5.1.7.3  Identifying Origin Candidates 

The origin candidates used for SAX RV segmentation are based on the BP regions that form part 

of the rough SAX RV segmentation (explained in section 5.1.7.2). For the representative slice, 

the rough SAX RV segmentation is the 4CH RV segmentation rotated into the SAX slice line.   

Given the BP regions, the algorithm calculates an Euclidean distance transform [89], thresholds 

the distance transform to include only regions that are 0.4 of the maximum distance value and 

then performs a morphological thinning operation [90]. The candidate origins are ordered in a 

descending order based on the Euclidean distance transform.  Once an initial RV SAX 

segmentation mask is calculated (see section 5.1.7.5), the candidate origins that overlap with the 

mask are eliminated. This is repeated until no origins are left. 



 

112 

 

 
Figure 5.9 Finding candidate origins in representative slice in the ED frame. (a) BP regions, (b) 4CH RV 

rotated into the representative SAX slice (cyan line), (c) BP region associated with the RV, (d) distance 

transform of (c), (e) binary mask of distance transform and (f) candidate origins.  

 

5.1.7.4  Upgrade Gradient Image 

To segment an image using PDP we need a gradient image (C), an origin (@�, B�) and an 

intensity image (r). The gradient image used for the technique is 

 C)@, B, �, X) =  max #,$ r)@, B, �, X) − r)@, B, �, X) (5.13) 

Once (5.7) is created the algorithm takes any pixel in the gradient image that falls outside the 

reduced ROI and set it to 0. Next the algorithm finds the coordinates of the low intensity regions 

in r)@, B, �, X) (e.g., air) and changes the values in  C)@, B, �, X) to 0. 

For mid-RV and apical slices, we also want to make sure that the left lateral side of the RV is 

adjacent to the right lateral side of the LV epicardial border. Therefore, we make the right lateral 

LV epicardial border have the maximum gradient value in (5.7).  A pictorial representation of the 

changes incurred by the gradient image in a mid-RV slice is shown in Figure 5.10.  
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Figure 5.10 Gradient image creation. (a) Gradient image, defined by (5.7), where regions that are outside 

the reduced ROI are removed.  (b) Setting air pixels in the gradient image to 0, and (c) high gradient value 

given to the right lateral portion of the LV epicardial border. 

 

5.1.7.5  Using PDP to Segment the RV 

The RV is segmented using PDP as described in Chapter 3. The angular sampling interval used 

for segmenting the SAX RV in the mid-RV slices is: ∆¤ = e3° 2° 1°h, whereas for the basal and 

apical slices ∆¤ = 3°. For cost function (3.9), we use ! = 0.6 and � = 0.4.   A morphological 

filling operation [79] is carried out to generate a mask from the contour. For each segmentation 

mask created, the number of candidate origins will be reduced.  The algorithm will keep 

generating segmentation masks until all candidate origins have been eliminated, which may 

result in multiple segmentation masks. 

5.1.7.6  Joining Segmentation Masks 

The algorithm finds the area for each mask created in section 5.1.7.5 and keeps the minimum 

number of masks that overlap with the candidate origins.  For the apical and mid-RV slices, the 

RV mask will be all masks that meet these criteria.  For the basal slices it will keep the masks 

with the two largest areas. 
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Figure 5.11 Joining segmentation masks examples.  For the basal slices, the technique will only pass two 

masks with the largest area, while in the apical slices it will pass the number of masks that minimize the 

amount of overlap. 

 

5.1.7.7  Refining Segmentation Masks 

If the number of connected components for the RV segmentation of the mid-RV and apical slices 

is more than one, the technique will join all the connected components into a single connected 

component using the convex hull technique. This is followed by a smoothing operation to ensure 

a smooth RV contour.  For the basal slices the algorithm will go to each connected component 

and perform a smoothing operation to ensure a smooth RV contour, followed by a pixel-wise 

multiplication of the rough segmentation based on the affine transformation of the RV model.  

Regions of the RV segmentation that overlap with the LV segmentation will be removed. 
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5.2 Data and Performance Metric 

5.2.1 Data Acquisition 

Images were acquired in a Siemens 1.5T Aera scanner, using a cine SSFP sequence in the 4CH 

view (TR = 2.7-2.8 ms, TE = 1.16 ms, acquisition matrix = 156 x 192, FOV = 26 x 32 cm, slice 

thickness = 6 mm) and SAX views (TR = 2.7-2.8 ms, TE = 1.16ms, acquisition matrix = 192 x 

156, FOV = 30 x 24.4 cm, slice thickness = 8 mm). 

5.2.2 Performance Metric 

The performance metric used for analysis is the Dice metric [74]. 

5.3 Results 

The segmentation results for a patient are shown in Figure 5.12 and Figure 5.13.  In the ED frame 

(Figure 5.12) the Dice metrics for the epicardial border in the mid-RV slices are in the range of 

high 80s to low 90s. The Dice metric in the apical slices decreases mainly due to the reduction in 

the area of the apical slices. A smaller area generally yields lower Dice metric values. This effect 

can also be seen in the ES frame where the Dice metric is consistently lower than its ED 

counterpart [9].  The largest discrepancy between the semi-automated and manual traces (in both 

ED and ES frames), as measured by Dice metric, occurs in the basal slices.  
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Figure 5.12 Dice metric for RV epicardial border in the ED frame. The semi-automated results are shown 

in cyan; manual trace in yellow.  
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Figure 5.13 14 Dice metric for RV epicardial border in the ES frame. The semi-automated results are 

shown in cyan; manual trace in yellow. 

 

 

5.4 Analysis 

The disagreement between the semi-automated technique and the manual traces in the basal 

slices requires more research.  Based on the geometry transforms (section 5.1.1) the algorithm 

classifies as basal, slices where chamber being imaged is the RA.  In those slices the expert 

traces of the RV are clearly different than the ones obtained by the semi-automatic segmentation.  

Incorrect classification of RA slices as basal slices is probably due to differences in breath 
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holding; the 4CH and SAX views are acquired in different breath holds which may lead to 

differences in position. To account for this discrepancy, we may need to add a correlation step to 

the geometry transforms to better match the 4D SAX views with the 3D 4CH views.   

There are also small BP regions in the mid-RV slices that the semi-automated technique 

excludes, but the manual tracer includes.  These regions could be added if we modify the 

candidate origins selection process to identify BP regions that are adjacent to the LV epicardial 

border.  However, adding these regions may have the unintended consequence of adding BP 

regions that are outside the RV epicardial border just because they are adjacent to the LV 

epicardial border, an example is shown in Figure 5.15. 

 
Figure 5.15 Purple circles denotes BP regions that form part of the SAX RV segmentation and are 

adjacent to LV epicardial border. Red circles denote BP regions that do not form part of the SAX RV 

segmentation but are adjacent to the LV epicardial border. 
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5.5 Conclusion and Future Work 

We are developing a technique that takes user inputs for the RV in 4CH view and generates a 4D 

RV segmentation in a SAX view. This chapter offered exploratory analysis on the segmentation 

of the RV in SAX views and in future work we wish to increase the amount of patients being 

analyzed and as well as the number of trained physicians tracing the patients.  This will allow us 

to develop a technique that has a Dice metric that is within user variability. For the LV this value 

was in the high 80s low 90s.  As of today no such technique exists for SAX RV segmentation.  

Our technique shows promise, but requires more testing. Once a mature technique is developed, 

we will compare our technique with standardized RV SAX datasets such as the one used in the 

2012 MICCAI RV segmentation challenge. We also plan to derive clinical metric (e.g., EF) and 

compare to the results obtained from experts manually tracing the RV.   

The ultimate goal of the semi-automated segmentation algorithms developed as part of this 

dissertation is to provide unique tools for the analysis of RV function in a clinical setting. 
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