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ABSTRACT 

Pulmonary embolism (PE) is an obstruction within the pulmonary arterial tree and in the 

majority of cases arises from a thrombosis that has travelled to the lungs via the venous 

system. Pulmonary embolism (PE) is a fatal condition which affects all age groups and is 

the third most common cause of death in the US. Computed tomographic angiography 

(CT A) imaging has recently emerged as an accurate method in the diagnosis of 

pulmonary embolism. Each CT A scan contains hundreds of CT images, so the accuracy 

and efficiency of interpreting such a large image data set is complicated due to various PE 

look-alikes and human factors such as attention span and eye fatigue. Moreover, manual 

reading and interpreting a large number of slices is time consuming and it is difficult to 

find all the pulmonary embolisms (PE) in a data set. Consequently, it is highly desirable 

to have a computer aided detection (CAD) system to assist radiologists in detecting and 

characterizing emboli in an accurate, efficient and reproducible manner. 

A computer aided detection (CAD) system for detection of pulmonary embolism is 

proposed in CT A images. Our approach is performed in three stages: firstly the 

pulmonary artery tree is extracted in the region of the lung and heart in order to reduce 

the search area (PE occurs inside the pulmonary artery) and aims to reduce the false 

detection rate. The pulmonary artery is separated from the surrounding organs by 

analyzing the second derivative of the Hessian matrix and then a hybrid method based on 

region growing and a new customized level set is used to extract the pulmonary artery 
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(PA). In the level set implementation algorithm, a new stopping criterion is applied, a 

consideration often neglected in many level set implementations. In the second stage, 

pulmonary embolism candidates are detected inside the segmented pulmonary artery, by 

an analysis of three dimensional features inside the segmented artery. PE detection in the 

pulmonary artery is implemented using five detectors. Each detector responds to 

different properties of PE. In the third stage, filtering is used to exclude false positive 

detections associated with the partial volume effect on the artery boundary, flow void, 

lymphoid tissue, noise and motion artifacts. Soft tissue between the bronchial wall and 

the pulmonary artery is a common cause of false positive detection in CAD systems. A 

new feature, based on location is used to reduce false positives caused by soft tissue. 

The method was tested on 55 data scans (20 training data scans and 35 additional data 

scans for evaluation containing a total of 195 emboli). The system provided a 

segmentation of the PA up to the 6th division, which includes the sub-segmental level. 

Resulting performance gave 94% detection sensitivity with an average 4.1 false positive 

detections per scan. We demonstrated that the proposed CAD system can improve the 

performance of a radiologist, detecting 19 (11 %) extra PE which were not annotated by 

the radiologist. 
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1. INTRODUCTION 

1.1. Pulmonary Embolism 

A Pulmonary Embolism (PE) is a sudden blockage in a lung artery (pulmonary artery) 

that happens when an embolus blocks blood flowing through an artery that feeds the 

lungs [6]. Typically, a blood clot first forms in an arm or leg and then travels to the lung. 

The mechanism of formation of blood clots in the vessels is identified as thrombosis 

which can be formed by a decrease in the velocity of blood [7]. [8]. An embolus is the 

result of a breaking down of the thrombus which can travel and block the blood flow in 

vessels. Pulmonary embolism is the result of an embolus traveling through the inferior 

vena cava and the right heart and being trapped in the pulmonary arteries. There are 

several factors which can make someone more likely to develop a blood clot that can 

travel to the lung. Obesity, heart disease, travel (such as sitting in an airplane or a long car 

trip), pregnancy, cancer, etc, are the main causes of blood clots in lung. Some other 

factors such as smoking, hormone therapy, oral contraceptives, family members with 

thrombosis or embolism and cancer can be high risk factors for PEs [9]. The symptoms 

can be: 

• Chest pain 

• Increased or irregular heart beat 

• Dizziness 

• Cough or coughing up blood 

• Difficulty catching breath 

• Rapid breathing 
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PE is an extremely common and highl y lethal condition, and is a leading cause of dcath in 

all age groups, though the ri sk of developing them is high in the e lderly. In most cases, 

they can be identified as a complicated condition called deep vein thrombosis (DVT). In 

thi s situation, blood clots form in the deep veins of the body. These clots break free and 

then travel to the lung and finall y block an artery. One in every 1,000 people in the UK 

develops DVT, and almost 10% of people with untreated DVT will develop a pulmonary 

embolism (PE). 

(a) (b) 

Figure 1-1: Pulmonary embolisms (arrowed) in different parts of the pulmonary artery :( a) how PEs 

in the left and the right segmental arteries. (b) Shows clots in the Icflmain artery. 

The third most common cause of death is in patients diagnosed with PE and the United 

States has a higher ranking in pulmonary emboli sm di seases, with more than 650,000 

cases occurring each year [4]. Of these cases, 11 % die in the first hour [I] and the 

untreated mortality rate of PE is estimated at 30% [2]. Thus, P is a common di sorder 

with a high morbidity and mortality. Therefore it is desirable to have an earl y and precise 

diagnosi s ofDVT and PE [3]. 

In patients with PE the symptoms are sometimes unspecific and in many patients are not 

present, so diagnosi s is a challenging and difficult task, especiall y for those who have 

heart or lung disease. To find out the causes of PE symptoms, there are several clinical 

assessments or tests and image scanning methods to diagnose pulmonary emboli sms. 
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1.2. Clinical Assessment and Test 

Clinical assessment and clinical tests are the first and crucial step in the diagnosis of 

pulmonary embolisms [10], [11]. These assessments use signs and symptoms to estimate 

the probability of an embolism. The D-dimer test is a clinical test that measures the 

levels of a specific protein associated with the breakdown products of a blood clot. In the 

case of a normal test the probability of the existence of a pulmonary embolism is very 

low, but having high levels of the clot-dissolving substance D-dimer in the blood may 

increase the likelihood of blood clots. A disadvantage of this test is that the results of the 

test can be positive for many reasons, including injury, pregnancy, surgery and infection 

and hence it is not capable of specifically diagnosing an acute pulmonary embolism [12]. 

Ultrasound is the first imaging test in the diagnosis of blood clots and it is a fast and 

painless method which applies sound waves to image vessels in the leg. Although this test 

is fast, it is not very sensitive and it needs a person with high levels of experience to 

diagnose a blood clot [134]. 

Another diagnostic test of blood clots is venography which is rarely used for diagnosis. It 

creates X-ray images from veins and blood flow passing through them. Since veins are 

transparent in X-rays a special dye is injected into the blood to make it opaque [135]. 

Lung Scan: 

Ventilation-perfusion scan (V/Q scan), pulmonary angiography, MR and CT are among 

the methods in the diagnosis of PE. The Ventilation-perfusion scan (V/Q scan) method 

applies a radioactive material to highlight ventilation (airflow) and flowing blood 

(perfusion) in the lung region. Inhaling a small amount of radioactive material and 

injecting it into a vein in the arm and then taking pictures of movement of air and blood 

flow, provide more accurate diagnosis of pulmonary embolisms. 

Pulmonary angiography is a technique to see how blood flows through the vessels in the 

lung using a special contrast material (dye) and X-rays. In this procedure, a catheter is 

inserted inside the arteries; then dye is injected into the catheter and doctors can see live 

X-ray images which are taken from arteries. The dye helps doctors to diagnose a blockage 

inside the arteries. Recently, this method has been replaced by spiral CT angiography due 

to its cost and because it is invasive [13]. 
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Magnetic resonance (MR) is another imaging procedure which can be used to examine 

pulmonary arteries in the lung and heart regions for detecting pulmonary embolisms [14]. 

In MRI, a powerful magnetic field, radio waves and a computer generate a detailed 3D 

image volume, which may be used with or without contrast material. Unlike the 

pulmonary angiography technique, MRI is a noninvasive imaging technique that 

produces detailed images of blood vessels and blood flow without inserting a catheter 

into the arteries. However, it is more expensive, has a lower spatial resolution than CT 

images and it is not without difficulty with respect to other imaging systems such as CT 

imaging [12]. 

X-ray computed tomography (CT), also known as computed axial tomography, is a 

medical imaging technique which uses X-rays to take multiple images and a computer to 

re-construct multidimensional views. CT generates a volume of data that can be 

manipulated by image analysis and has become an important tool and the gold standard in 

medical imaging to diagnose a large number of different diseases. CT has been identified 

as a noninvasive procedure for evaluating patients with suspicion of a pulmonary 

embolism over the last 15 years [17]. Compared with other techniques, this imaging 

technique is a simple, accurate and fast imaging technique [15], [16]. 

Recently, a new kind of CT scan called a spiral (or helical) CT scan is used to obtain 

cross-sectional pictures of the body. In this procedure, the X-ray machine rotates 

continuously around the body and during the spiral path, it generates cross-sectional 

pictures of the body. In comparing with a conventional CT scan, a spiral CT scan is faster 

and has higher resolution and can detect a smaller abnormal item. Since 1996, studies for 

evaluating spiral CT for the diagnosis of PE shows high sensitivities (53% to 92%) and 

high specificities (78% to 100%) [18], [19]. 

Computerized Tomographic Angiography (CTA image) is a CT scan of blood vessels 

which are injected by contrast material into the vascular system. CT A images have been 

established as the first imaging test for the diagnosis of pulmonary embolisms. In 

comparison with conventional pulmonary angiography, it has advantages such as low 

risk, direct imaging of blood clots and higher accuracy. In CTA images, details of the 

vascular anatomy can be rendered in three dimensions and the adjacent bony structures 

can be visualized. Due to the contrast material, the blood vessels can be seen as bright 

tubular structures (Figure. 1.2). 
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Figure 1-2: Axial eTA images show vascular vessels as bright tubular structures 

A CT pulmonary angiogram (CTPA) is a medical diagnostic test that uses CT to create an 

image of the pulmonary arteries. Computed Tomographic Pulmonary Angiography has 

recently emerged as an accurate and alternative diagnosis tool for PEs [20], [21]. They 

can be used to perform accurately and quickly to portray vessels to the level of sixth

order of pulmonary artery branching [118]. In spite of some concerns about low 

sensitivity ofCTPA, it is an attractive tool for clinicians because the results ofCTPA are 

clear (positive or negative) and can be used for identifying alternative non-thrombotic 

causes of patients' symptoms in chest diseases [22]. Multi-row detector CTPA, which 

takes less time in image acquisition, has been evaluated to have high sensitivity (100%) 

and high specificity (89%) in the investigation of patients with suspected PEs in 

comparison with conventional pulmonary angiography [23]. 

Each CTPA study contains hundreds of CT slices, so the accuracy and efficiency of 

interpreting such a large image data set is complicated by various PE look-alikes and also 

limited by human factors, such as attention span and eye fatigue. Moreover, manually 

reading and interpreting a large number of slices is time consuming and it is difficult to 

find all the pulmonary embolisms (PE) in a data set [24]. Consequently, it is highly 

desirable to have a computer aided detection (CAD) system to assist radiologists in 

detecting and characterizing emboli in an accurate, efficient and reproducible manner. 
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1.3. Computer Aided Detection (CAD) 

Computer aided detection (CAD) is a main technique in medical imaging which helps 

radiologists and clinicians to decrease observational oversights and false negative rates in 

interpreting medical images. The concept of CAD is different from "Computer aided 

diagnosis" which refers to software which analyzes diseases. 

Several Computer Aided Detection (CAD) systems have been proposed to automatically 

detect pulmonary embolisms, most of which are based on prior pulmonary vessel 

segmentation and detection of the embolus and few system have been developed without 

using pulmonary vessel segmentation. Those systems, which use the pulmonary vessel as 

a search area, may increase false positive detection rates. Since some cases of false 

positives such as flow voids happen in veins, it is reasonable to limit the search area by 

separating pulmonary arteries from veins to reduce false positive detection. In fact the 

reduction of the search space contributes to both the efficiency of the detection process 

and reduction of false positives. 

Our contribution is to present a CAD system for the automatic detection of pulmonary 

embolisms in CT A images which can help a radiologist to improve hislher job and 

increase the radiologist's certainty to detect PE. The capability of the proposed system is 

based on segmentation of the pulmonary artery to reduce the search area while aiming to 

reduce the false positive detection rate. Since some false positives arc identified in other 

pulmonary vessels (such as veins), separation of the pulmonary artcry from other vessels 

is likely to reduce false positive detections. In fact the reduction of the search space 

contributes to both the efficiency of the detection process and the reduction of false 

positives. 

In the proposed CAD system: 1) Images are collected. 2) A nonlinear diffusion filter is 

used as a pre-processor on raw data. 3) The lung and heart region are extracted to reduce 

the search region for extracting the pulmonary artery (PA). 4) Before extracting the 

pulmonary artery a feature map based on eigenvalues of the Hessian matrix is created to 

remove the connectivity between the pulmonary artery and other organs that have the 

same intensity. 5) The pulmonary artery is extracted in two stages. In the first stage the 

major pulmonary artery is extracted in the heart region using a new customized level set 

method. In the level set method a new stopping criterion is used, a consideration which 

has usually been neglected in level set implementations. In the second stage, the 

peripheral arteries are separately segmented into left and right lung regions by a region-
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growing algorithm. 6) Pulmonary embolism (PE) candidates are selected using five 

detectors that respond to different properties of the PE. 7) The three dimensional features 

(connected components) inside the segmented artery are analyzed to identify PEs and 

exclude false positives. 

1.4. Outline of the Thesis 

The organization of thesis is as follows. Chapter 2 gives some medical definitions and 

background of PE disease and a literature review of previous research in pulmonary 

embolism detection. Pulmonary artery segmentation is described in chapter 3. This 

chapter first reviews existing research in pulmonary artery segmentation and then 

describes a pre-processing algorithm based on non-linear diffusion filters, lung and heart 

segmentation algorithms, feature map extraction and finally pulmonary artery 

segmentation algorithms. Chapter 4 describes pulmonary embolism (PE) detection and 

removal of false detections. Discussion and experimental results and evaluation of PA 

segmentation and PE detection are presented in chapter 5 and finally conclusions are 

made in chapter 6. The literature review for each major component of the proposed CAD 

system is discussed within the related chapter. 

7 



2. MEDICAL DEFINITIONS AND 

LITERATURE REVIEW 

This chapter provides the medical background associated with different kinds of 

pulmonary embolism, the causes of pulmonary embolisms, the pitfalls of detection and 

the medical imaging systems. It then provides a detailed description of previous research 

on CAD systems for detecting pulmonary embolisms. In the final section the proposed 

CAD system will be introduced. 

2.1. Medical Machinery 

2.1.1. CT Scan 

A CT (computed tomography) scan (also known as CAT - Computer Axial Tomography), 

is a medical imaging procedure which applies a process of producing a two-dimensional 

image of a slice through a 3-dimensional object (Figure 2-1). The medical device which 

is used to generate CT scans utilizes X-rays and uses digital geometry processing to 

generate a 3D image of the inside of an object. The 2-dimcnsional X-ray images, which 

are taken by rotating around a single axis, are combined to generate a three dimensional 

(3D) image. 
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Figure 2-1: An X ray source sends out beams by rotating aroll nd a patient and their strength or 

attenuation is measured by a detector (taken fTo m http ://www.fda .gov/radia tion-emittingproducts) 

How a CT scanner works 

A CT scanner is an X-ray machine from which several beams are simultaneously been 

sent through the human body from different angles. Inside the T scanner there is an X

ray detector and the X-rays from the beams are detected by thi s detector a fter they have 

passed through the body and their strength or attenuation is measured (F igure 2- 1). The 

absorption of the beams depends on the density of ti ssue: the less dense ti ssue such as the 

lungs, absorb less energy and beams passing these ti ssues will be stronger while beams 

that pass through denser tissue such as bone wi II be weaker. 

At each orientation of beam sources around the body, the attenuation of the X-ray beam is 

measured and then by using a mathematical procedure of reconstruction (the Inverse 

Radon Transform) these projections are combined to recover the original rad iographic 

densities at every location in the volume. The estimated radiographic densities are then 

computed for any volume intervals (voxels) and are expressed in Hounsfie ld units (HU). 

The Hounsfield unit transform is a scale transfonnation system in which the original 
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linear attenuation coeffici ent measurement is transformed into one in which the radio 

density of water in thi s system is identified as zero Hounsfi e ld units (HU). 

The Hounsfi eld unit scale is measured for di fferent materials by: 

H U = Ax-Awater * 1000 
Aware,· 

( 1) 

where, Ax is the linear attenuation coeffi cient for materi al x. Table 2- 1 shows the Radio

densities in Hounsfi eld units of various materials. 

Table 2-1: Hounsfi eld unit 's sca le of vari ous materi als 

i\laterials HU 

Air -1000 

Lung -700 

Soft Tissue -300-100 

Fat -8~ 

'Yater 0 

Blood 30-l5 

:\Iuscle 40 

Bone 700-3000 

2.1.2. MRI Scan 

MRI (Magnetic Resonance Imaging) is a new imaging technique that uses magnetic and 

radio waves. The radio waves, which are many more times stronger than the magnetic 
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field of the earth (about 10,000 -30,000 times stronger), are sent through the patient's 

body. From measurements of the magnetic strength of the returned signal, a picture of 

the material densities can be created by the computer. In an MRI scanner the information 

of an object is usually extracted by changing the timing of the radio-wave pulses and 

objects surrounded by bones, usually give clearer pictures. This method of imaging 

device is particularly useful for imaging the brain and spinal cord diseases. 

2.1.3. MRI Scanner Vs CT Scanner 

MRI and CT scanners are the two most common medical imaging techniques to scan 

patients for determining the severity of certain diseases. Their application is based on 

parts of body that the radiologists or doctors need to see. 

• CT scanners cannot show ligament or tendon disease; MRI scanners show more 

detail of these diseases. 

• MRI scanners show better pictures than CT scanners for looking at the spinal 

cord. 

• For visualizing lungs and organs in the chest cavity CT scans are bctter than MRI 

scans. 

• Organ tear, broken bones, organ injury and broken vertebrae are better and more 

quickly seen on CT scans. 

• CT scans are better for looking at cancer, bleeding in brain and inflammation of 

the lungs. 

2.2. Pulmonary Embolism in CT I mages 

In CT images a pulmonary embolism can be identified as a dark region inside the 

segmented artery and clinical presentations are generally categorizcd into four different 

classes based on expected severity of the pulmonary artery occlusion. Each class is 

described in the section below. 

11 
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2.2.1. Massive Pulmonary Embolism 

Massive pulmonary emboli sm is usuall y caused by large emboli. It blocks a major part o f 

the pulmonary artery and the results for the pati ents with thi s kind of PE are coll apse and 

systemic shock. An example of thi s kind of PE can be large emboli blocking the main 

branches of the pulmonary artery, or a complete blockage of a left or ri ght pulmonary 

artery. Massive PE usua ll y causes hypotension and o ften results in signifi cant mental 

status change for pati ents who are sweaty and pale. Figure 2-2 shows two massive 

pulmonary emboli sms in eTA images o f two patients. 

Figure 2-2: A large pulmonary embolus in the left and right branches of the pulmonary artery. 

2.2.2. Acute Pulmonary Infarction 

Acute pulmonary infarction is a peripheral blockage in the pulmonary artery branches . 

Approximately 10% of patients who present with hemoptysis, acute pleuritic chest pain 

or shortness of breath may have thi s kind o f occlusion and it is diffi cult to di agnose. 

Figure 2-3 shows acute pulmonary in farctions for two patients. 

12 
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Figure 2-3: shows ac ute pulmonary emboli in the lell and right peripheral pulmonary arteries 

2.2.3. Acute embolism without infarction 

This kind of PE has none of the specific symptoms a assoc iated with massive PE, such 

as shortness of breath, cough, and pleuritic chest pain . ince lungs have a dual blood 

supply from pulmonary this kind of PE is unusual, occurring in approximately 10% of PE 

cases. 

2.2.4. Multiple pulmonary embolisms (chronic and acute) 

In general , pulmonary embolisms can be classified into two types : chronic and acute 

(Figure 2-4). Chronic pulmonary emboli sm, which is mainly a result of incomplete 

resolution of a pulmonary obstruction, may occur with previously documcnted hi story o f 

pulmonary emboli over years. Patients with chronic pulmonary emboli sms usuall y have 

hypertension and cor pulmonale, which is abnormal enlargement of the right side of the 

heart. The symptoms of chronic pulmonary embolism are not specific and are based on 

the development of pulmonary hypertension. 

Unlike chronic pulmonary embolism, acute mUltiple PE may occur with no previously 

documented history of pulmonary emboli and have widespread obstruction of the 

pulmonary circulation with clots. Patients with acute multiple P have a progressive 

shortness of breath and no continuous chest pain. 

The shape of acute pulmonary embolism in CT Images generall y defines a hole or 

concavity in vessels, but the chronic emboli generally appear in vessel walls without any 

concavity in the vessels. 

13 
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Figure 2-4: shows two different kinds of pulmonary embolism, chronic (len) and ac ute (right) 

2.3. Pulmonary Embolism Pitfalls 

The following circumstances are potential pitfalls to a reliable diagnosis: 

1) Lymphoid ti ssue, which is located between a bronchus and an artery aga inst the vessel 

wall and has the same intensity of PE, might be interpreted as a P • 

2) The partial volume effect at the boundary of a vessel and bifurcations 

3) Image noise associated with low dose and contrast 

4) Streak artifacts made by beam hardening near the superi or vena cava 

5) A poorly enhanced vein . The scans are optimized for enhancement of the arteri es 

because pulmonary emboli sm is arrested in the pulmonary arteries. The vein are o ft en 

poorly filled with contrast material and thi s filling de fect in the veins looks similar (0 a 

pulmonary embolism and might be misdiagnosed 

6) Cardiac motion, which may make movement art ifac ts in T images 

7) Parenchyma di sease causes a difference between intravascular and extra vascul ar 

contrast. 

2.4. Causes for Pulmonary Embolism 

The most common cause of pulmonary emboli sm is a blood clot which commonl y 

originates in the deep veins of the legs . The clot is created when the blood fl ow lows or 

stops when a person stays in one position for a long time. Those patients who are 

recovering from major surgery are usually at ri sk . itting for long time periods without 

moving such in aeroplane journeys can also increase the risk of PE. 

14 
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The sudden blocking of an artery of the lung (pulmonary embolism) is not the only cause 

of blood clots. Other effects that can also lead to pulmonary embolism are: 

Fat: During bone surgery a long bone is usually fractured and fat from within the marrow 

of a broken bone escapes into the blood flow and forms an embolus. 

Amniotic fluid which happens during a tumultuous childbirth and is forced into the 

pelvic veins can be a potential factor to form an embolus. 

Air bubbles: Air bubbles can result in the formation of emboli if a catheter in one of the 

large central veins is mistakenly opened to air. During operations on veins and when a 

person is being resuscitated an embolus may also be formed by air bubbles. 

A foreign substance: Foreign material such as talc injected by drug users can form an 

embolus and travel to the lungs. 

Infected material: Infected material can also lead to the formation of emboli in the lung 

region associated with intravenous drug use, certain heart valve infections, and 

inflammation of a vein with blood clot formation and infection. 

Cancer cells: Emboli might be created by the breakdown of a cancer cell which is 

released into the blood stream. 

2.5. Lung and Heart Anatomy (Region of Interest for Searching PEl 

The lung regions (left and right lungs) which reside between the abdomen and neck are 

essential organs of respiration in humans, providing a very large surface area to enable 

the exchange of oxygen and carbon dioxide between the body and the environment. The 

lung region provides oxygen for the bloodstream via airways which comprise the nose, 

the larynx, the pharynx, the trachea, the bronchi and the bronchioles. The heart region is 

located between left and right lung in the middle of the chest, behind and slightly to the 

left of the breastbone. The pulmonary artery (PA) carries the deoxygenated blood from 

the heart ventricle to left and right lungs for oxygenation. The oxygenated blood travels 

from lungs back to the heart via the pulmonary veins (PV) and then to rest of the body. 

The cardiovascular system is comprised of the following components for blood 

circulation: 
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• Superior Vena Cava: Superior vena cava cari es the oxygen-poor blood from the 

upper part of the body into the right atrium . 

• Inferior Vena Cava: Inferi or vena cava carnes the oxygen-poor blood from 

lower part of body into the ri ght atrium. 

• Right Atrium: The oxygen-poor blood returning from body is co ll ected by the 

ri ght atrium and then is forced into the ri ght ventricle . 

• Right Ventricle: Right ventricle collect the oxygen-poor blood from ri ght atrium 

and fo rces it into lung region. 

• Pulmonary arteries: Pulmonary arteri es (left and ri ght pulmonary artery) carry 

the blood from right ventricle to le ft and ri ght lungs to pick up oxygen. 

• Pulmonary Veins: Pulmonary veins (le ft and ri ght) carry the oxygenated blood 

from lung region to left atrium . 

• Left Atrium: The oxygen-ri ch blood returning from lung IS co llected by le ft 

atrium and then is fo rced into the le ft ventri cle. 

• Left Ventricle: Left ventri cle is a strongest chamber in heart region to push the 

blood via aortic artery to other parts of body. 

• Aortic Artery: The aortic artery (descending and ascending) carry the oxygen

rich blood form heart region to other parts o f body. 

Figure 2-5 shows a simplified cardiovascul ar system and Figure 2-6 is an illustrati on of 

the anatomy of the heart showing three diffe rent CT A cross-sectional slices . 

Figure 2-5: shows the simplified card iovascular system 
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Sli ce 1 

Sli ce 2 

Sli ce 3 

ven cava 

(a) 

(b) 

Figure 2-6: (a) shows the anatomy of the heart region. (b) hows the cross section in three difTerent 
eTA slices 
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2.6. Protocol ofDICOM 

One of the initial steps in medical image processing is to read data from stored CT image 

fonnats. CT images are stored in files with a DICOM fonnat. DICOM, which stands for 

digital imaging and communication in medicine, defines a procedure of communicating 

and comparing different types of digital medical imaging devices or software. It is a 

common standard fonnat for storing image data captured by medical imaging devices 

such as CT and MRI. It is also an extensive set of standards that support tasks such as 

image printing and transmission. It is possible for equipment to communicate remotely 

through a network or a media by using the DICOM standard. 

2.7. Literature Review and Previous Work 

Over last three decades, computer aided detection (CAD) has been a primary tool for the 

automatic detection of many diseases in medical imaging. Detection of abnormalities in 

the chest area across a large number of CT A images is a demanding job for doctors and 

radiologists. Because of the highly challenging nature of this task in interpreting 

pulmonary disease, a image analysis research has focused on developing methods to 

detect pulmonary diseases. Pulmonary embolism (PE) is a common and a fatal pulmonary 

disease in many countries and across all age groups, and several CAD systems have been 

developed which automatically help the radiologists detect pulmonary embolism (PE). 

The performance of a CAD system will depend strongly on the characteristics of aPE, 

such as their size distribution, the diameter of the artery being blocked, whether patients 

have other pulmonary diseases, and the quality of the CT scan which can be degraded by 

motion artefacts and incomplete circulation of injected contrast material. This review will 

summarise the studies that have been reported on the automatic detection of PE. 

Automatic detection of PE is a more challenging task than for other pulmonary diseases 

because the pulmonary arterial system comprises an extensive network containing a wide 

range of vessel diameters. Y. Masutani et al [25] proposed a fully automated method for 

computerized detection of pulmonary embolism in CT A images based on volumetric 

image analysis. They first extracted pulmonary vessels and then analyzed several three 
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dimensional features inside the extracted vessels. The features that were analysed are 

based on local contrast using mathematical morphology to derive measures of the degree 

of curvi-linearity (based on second derivatives), vascular size and geometric features such 

as volume and length. They tested their CAD system on 19 clinical data sets (11 positive 

and 8 normal) and achieved 7.7 false positives per data set at 1 00% sensitivity, and 2.6 

false positives at 85% sensitivity, when the PE volume was between 16 and 64 mm3• 

They tested on only 11 data sets containing 21 PE samples, which is too small to cover 

the variety of different PEs. 

Zhou et al [26] developed a preliminary investigation of computer aided detection of 

pulmonary embolisms in CTP A images. They extracted the vessels using an adaptive 

three-dimensional (3D) voxel clustering method based on expectation-maximization 

(EM) and detected true PE by applying a rule-based false-positive (FP) reduction method. 

In this preliminary study, they considered 14 patients with positive PE. In the cases 

without lung disease, their method detected 92.0% of proximal emboli and 77.8% of sub

segmental PE, with an average of 18.3 false positives per patient while, in the cases with 

extensive lung disease, 66.7% and 40.0% of the PEs were detected with an average of 

11.4 false positives per case. 

In a second study, Zhou et al [27] collected more data sets for improving the detection 

accuracy for PE and evaluating the performance of CAD systems by using 43 CTPA 

images. They applied 3D multi scale filters to enhance vascular structures including the 

vessel bifurcations and suppress non-vessel structures such as the lymphoid tissue 

surrounding the vessels and then they used a hierarchical EM estimation to segment the 

vessels by collecting the high response voxels at each scale. They searched for suspicious 

PE areas using a second adaptive multi scale EM estimation and using rule-based false 

positive (FP) reduction method, the true PEs based on the features of PE and vessels were 

identified. An experienced chest radiologist identified 435 PEs in artery branches (172 

sub-segmental and 263 proximal to sub-segmental). These PE locations were identified as 

the "gold standard" in their CAD system. They achieved 81 % and 78% sensitivity 

(proximal PEs) and 79% and 73% sensitivity (sub-segmental PEs) with 33 and 24 false 

positive detections per case. 

Das et al [28] developed a CAD system and evaluated it's performance for automated 

detection of peripheral pulmonary embolisms in 33 consecutive multi-detector row CT 
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pulmonary angiography images. Their system identified a list of candidates and analyzed 

them according to shape, density, size and texture. The system showed 88% (1641186) 

sensitivity for the detection of segmental pulmonary embolisms and 78% (94/120) for the 

detection of sub-segmental pulmonary embolisms with 4 false positive detections per 

case. In a different study, Das et al [32] used 45 cases of which 29 cases had 213 PE in all 

vessels. They achieved 82% sensitivity with 3 false positive detections per case. 

Jeudy et al [29] developed a CAD system using 22 data sets containing 251 PE (188 in 

segmental arteries and 63 in sub-segmental arteries) as a reference standard. Their system 

achieved a sensitivity of 80% for the segmental and 76% for sub-segmental with 1.8 false 

positive detections per dataset. 

Schoepf et al [30] evaluated a CAD system for automated detection of pulmonary 

embolisms on multi-detector row CT studies of varying diagnostic quality in 23 patients 

(13 female, mean age 52) with PE and of 13 patients (all female, mean age 49) without 

PE. Their system identified correctly all 23 patients with PE and showed 92% (119/130) 

sensitivity for the detection of segmental pulmonary embolism and 90% (92/107) for sub

segmental pulmonary embolisms with 4.8 false positive detections per case. Maizlin et al 

[31] evaluated the same CAD system using large datascts (104 CTPA images) with 45 PE 

as standard references in 15 of the patients. The system identified 18 central and 

segmental PE and 8 sub-segmental in 8 patients, while it missed 14 proximal and 5 sub

segmental PE in 7 patients. Their system showed low sensitivity (57.8%) with 0.93 false 

positive detection rates per case. 

Buhmann et al [33] developed a prototype computer-aided diagnosis (CAD) system. They 

applied artificial intelligence techniques for the detection of pulmonary embolism (PE). 

Forty multi-detector row computed tomography dataset which had good image quality 

were marked for suspicion of PE by six general radiologists using commercially available 

lung evaluation software. The 212 PE were identified as the "gold standard" by a 

radiologist. Of these, 65 (31 %) were centrally located (in pulmonary trances, lobar, main, 

first order segmental arteries) and 147 (69%) were peripherally located (in the higher 

order segmental and sub-segmental arteries). Their CAD showed 74% sensitivity of 
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detection for central PE and 82% for peripheral PE with 3.85 false positive detections per 

case. 

H. Bouma et al [34] proposed a new system for automatic detection of pulmonary 

embolisms in CT images. Their system consists of candidate detection, feature 

computation and classification. The candidate detection process focuses on inclusion of 

PEs and the exclusion of false positives. The feature computation is based on shape, 

intensity and size of PE and the shape and location of the pulmonary vascular tree. They 

also used several classifiers to optimize the performance of their system. The system was 

trained on 38 and evaluated on 19 other data sets. Their system showed 63% sensitivity 

on evaluation data sets with 4.9 false positive detections per data set, which enabled the 

radiologists to improve the number of PE detections by 22%. 

Most CAD systems are based on prior pulmonary vessel segmentation and a few 

approaches have been established without using pulmonary vessel segmentation to detect 

the embolus. J Liang and J Bi (35] presented a fast effective toboggan-based approach for 

automated PE detection in CTP A images without extraction of pulmonary vessels. They 

achieved 80% sensitivity at 4 false positive detections per casco 

The performance of all reviewed CAD systems depend on the characteristics of the 

pulmonary embolism (PE) such as it's size distribution, the diameter of the artery being 

blocked and the percentage of blockage related to a patients' conditions, such as whether 

they have other pulmonary diseases or not, and the quality of CT images. Those systems 

that used a large dataset, reported a high false positive rate and low sensitivity of 

detection. Since CAD systems for PE detection usually spend more time classifying the 

large number of initially detected suspicious regions as the true positive (TP) and false 

positive (FP) detections, but most of them generate a high rate of false positive 

detections. 

To keep CAD systems as an effective tool to help radiologists for detecting PE, it is 

desirable to reduce false positive detection rates. Reducing the search area in the 

detection process can reduce the false positive detection rate in CAD systems. In fact, the 

reduction of search space contributed to both efficiency of the detection process and 

reduction of false positives. 

Previous systems have used all the pulmonary vessels (i.e. all the vessels in heart and 

lung region). As a search area and as a consequence the false detection rate is high. Since 
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pulmonary embolism occurs only within the pulmonary artery, the proposed CAD system 

uses a small search area (pulmonary artery) as a search area aiming to reduce the rate of 

false detection. 

2.8. The Proposed CAD System 

Fully automatic computer aided detection (CAD) of pulmonary embolism is developed 

that aims to reduce the false positive detection rate by restricting the search area and 

increasing the sensitivity of detection by analyzing different 3D features. The proposed 

CAD system consists of three main steps: 

• Segmentation (Pulmonary Artery) 

• Detection (Pulmonary Embolism Candidates) 

• Removal (False Detection) 

The search area for pulmonary embolism is the pulmonary artery wherein the blood clot 

occurs, so in the first step the pulmonary artery is extracted (Chapter 3). Segmentation of 

the pulmonary artery (PA) is the most challenging task of the project as it has 

anatomically an elongated shape and is the same intensity with nearby vessels, such as 

the superior vena cava, the aorta and veins in the lung and heart region. Considering the 

difficulty of pulmonary artery extraction, an efficient algorithm for segmenting the 

pulmonary artery (PA) tree in three dimensional CT A images has been proposed. 

In this algorithm, to reduce the search area the lung region (left and right) are first 

segmented from the raw data and the heart region is extracted by selecting the region 

between the lungs. A pre-processing algorithm based on the eigenvalues of the lIessian 

matrix is used to remove the connectivity between the pulmonary artery and nearby 

pulmonary organs. Before extracting the pulmonary artery, the superior vena cava (SVC) 

is extracted and removed from the heart region using an up-to-down region growing 

algorithm to facilitate the segmentation of pulmonary artery. The pulmonary artery tree is 

separately extracted in the heart and lung region. The major artery is first segmented by a 

region growing method initialized by a seed point which is automatically selected within 

the pulmonary artery trunk in the heart region, and then the segmentation result is refined 
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using a new customized 3D level set algorithm. The level set algorithm applies the output 

of region grower as the initial contour. The peripheral artery is segmented in left and right 

lung regions using a distinct region growing algorithm after enhancement by a vessel 

enhancing filter. 

Pulmonary embolism (PE) can be identified as a dark region inside the segmented artery 

in the contrast enhanced CT images. The second step of the proposed CAD system uses 

five detectors based on intensity, geometric analysis, a morphological operator (top-hat 

transform defined on page 86), analysis of the perpendicular plane of the vessel centerline 

followed by ellipse fitting and a search for the disconnected part of the vessel to identify 

voxels inside the segmented artery as PE candidates. These five detectors are designed to 

respond to different properties ofPE (Chapter 4). 

In the third step, the PE candidates are filtered by extracting and analyzing different 

features to distinguish true PE from look-alikes (i.e. removal of false detections). 

Figure2-7 shows the flow chart for the major component of the proposed CAD system 

and the box numbering refers to the related chapters describing the major components. 
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Figure 2-7: Flowchart of the proposed AD system, which consists of PA segmentation, PE detection 
and fa lse positive reduction. 
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3. PULMONARY ARTERY 

(PA) SEGMENTATION 

3.t. Introduction 

Pulmonary artery tree segmentation is an essential requirement for some medical 

applications, such as detection and visualization of pulmonary embolism (PE). Moreover, 

segmentation of the pulmonary artery tree is a very complicated and challenging task as it 

has multiple connections with other anatomical structures such as the pulmonary veins, 

the superior vena cava and the aorta, which can interfere with the segmentation of 

pulmonary artery boundaries. In this chapter the proposed algorithm for pulmonary artery 

(PA) segmentation in CT A images is described. 

In this algorithm, first, the raw data is smoothed using a non-linear diffusion filter. Next, 

to reduce the search area, the lung regions are segmented and the heart region is extracted 

by selecting the region between the lungs. A pre-processing algorithm based on the 

eigenvalues of the Ilessian matrix is used to remove connectivity between the pulmonary 

artery and other nearby pulmonary organs. The pulmonary artery tree is extracted in two 

steps. We first extract the major artery in the heart region using a region growing method 

initialized by a seed point which is automatically selected within the pulmonary artery 

trunk in the heart region and then refine the segmentation using a customized 3D level set 
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algorithm, using the output of a region grower as the initial contour. A new stopping 

criterion for the proposed level set algorithm is used an issue often neglected in many 

level set implementations. In the second step, the peripheral artery is segmented in left 

and right lung regions using a distinct region growing algorithm after enhancement by a 

vessel enhancing filter. 

The organization of this chapter is as follows. In section 3.2 vessel segmentation 

approaches are reviewed and then the pulmonary artery segmentation algorithm will be 

discussed (section 3.3). 

3.2. Vessel segmentation 

Vessel segmentation is a key component of automated detection of disease in medical 

image processing. It is dependent on image modality, type of application and based on 

whether the method of segmentation is automatic or semi-automatic or it can be 

performed manually. Manual segmentation is usually accurate but is impractical for large 

datasets because it is tedious and time consuming. Automatic segmentation methods can 

be useful for clinical applications if they have: 1) the ability to segment like an expert; 2) 

exhibit excellent performance for diverse datasets; and 3) have a reasonable processing 

speed. There are different models and approaches in vessel segmentation and the main 

approaches are: 

• Pattern recognition techniques 

• Knowledge-based approaches 

• Neural Network-based techniques 

• Model-based methods 

3.2.1. Pattern Recognition Techniques 

The pattern recognition method is categorised into a region growing approach, 

mathematical morphology schemes, differential geometry-based approaches, a multi

scale method and skeleton-based approaches. This method incorporates automatic 

detection and classification of features or objects. 

In the region growing method, an image is segmented by incrementally adding pixels to a 

region starting from some seed points based on special criteria. The criteria can be 
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similarity in pixel values or adjacency in terms of distance space [36]. Mathematical 

morphology schemes are based on the shape or form of an object using structure 

elements. Donizeli [37] used a hybrid method based on region growing and mathematical 

morphology schemes to segment large vessels. The mathematical morphology "top-hat" 

first was used to extract line-like structure and then by using a binary region growing 

technique, they removed background noise artefacts. In differential geometry-based 

approaches an image is treated as a hyper-surface and features are extracted by using the 

curvature and crest line of surface. Multi-scale image segmentation is a process by which 

an image will be segmented based on image resolution. In this method, large vessels are 

extracted from a low resolution image and a very small blood vessel is segmented at a 

high resolution level. In the skeleton-based method which is a known centreline detection 

technique, first the centreline of blood vessel is extracted and then by connccting these 

centrelines, blood vessel tree is created. Tozaki et al. [38] applied a centreline detection 

method to extract blood vessel and bronchus in lung region from CT images. They first 

segmented the image using a thresholding method and then separated the bronchus from 

the blood vessels based on anatomical characters and finally by using a 3D thinning 

algorithm the vessel centrelines were extracted. 

3.2.2. Knowledge-Based Approaches 

In general, in a knowledge-based system, an intelligence decision with justification is 

made using artificial intelligence tools based on posterior knowledge. In image 

segmentation tasks especially in vessel extraction, a knowledge-based algorithm applies 

the posterior knowledge to lead the segmentation process and to visualize the vessel 

structure. Several works have been developed to segment and analyse the vessel tree 

using a knowledge-based algorithm. Smets et al [112] delineated the blood vessel using a 

knowledge-based approach by encoding the general knowledge about blood vessels such 

as knowing high intensity for centreline of vessel, high intensity region are surrounded by 

parallel edges, etc. More related works can be found in [113], [114], [115]. 
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3.2.3. Neural Network-Based Techniques 

The Neural network (NN) has been developed in a wide range of applications especially 

in the medical image processing field. This method is applied as a classifier when the 

system is trained with a group of medical images and the trained system segments the 

target image. The neural network method is a very attractive method as it is easy to learn 

the system. That means that by choosing a good training set, including all possible 

features and objects, the system learns the boundary of classification in its feature space. 

Several works have been performed in the image segmentation field by applying the 

neural network method [116], [117]. 

3.2.4. Model-Based Methods 

The main logical idea behind these methods is analyzing the image in a top-down 

fashion. Since the structures of interest or organs have a repetitive form of geometry, it is 

possible to find a probabilistic model for explaining the variation of the shape of the 

organ as constraints. In model based methods, these constraints are imposed as prior 

knowledge in the image segmentation process. These models are categorised in four 

approaches: 1) template matching, 2) deformable model, 3) parametric models, 4) 

generalized cylinders. 

In image processing, the template matching algorithm is a technique for extracting parts 

of the image which match with a template image. This technique can be classified in two 

main groups, area-based matching (ABM) and feature-based matching (FBM). In feature

based matching algorithm those features are extracted which appear in the template 

pattern and are stored based on template information. While, in area-based matching 

techniques, every possible pixellvoxel position in the image (search image) are compared 

with the information of template data by least square or correlation methods. 

The template matching algorithm is very capable in applications in which the search area 

and the image patterns are previously known. For example it can be used to control the 

quality of manufactured products [108] and in robotic science to navigate a robot [109]. 

In medical image processing, some works have been performed to extract the tubular 

shapes such as blood vessels by using the template matching algorithm [110], [111]. 
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Deformable models (active contour models) describe curves or surfaces moving under 

internal and external forces and have been widely applied in medical image segmentation. 

These models are divided into two main categories: parametric deformable models, in 

which the curves and surfaces are explicitly represented in parametric form, and 

geometric deformable models in which a curve is implicitly represented as the zero level 

set of a higher dimensional constant function. The level set and fast marching methods 

are two main numerical approaches for evolving the curve (2D) and surface (3D) which 

have been used in a wide range of applications such as computer animation, some tasks in 

image processing fields such as optimal path planning [62], [63], shape representation 

[64], [65], registration [66], [67] finding distance fields from one and more points in 

computer vision [68] and segmentation [69]. In the proposed CAD system a geometric 

deformable model (level set algorithm) is uscd to segment the pulmonary artery, and a 

fast marching algorithm to extract the skeleton of segmented pulmonary artery. In the 

next sections these two models will be described in more detail. 

3.2.4.1. Level Set Algorithm 

Over the past decades, a large number of works on geometric deformable models in the 

sense of level set implementations have been proposed in the image processing field 

especially for image segmentation. Osher and Sethian [39] first introduced the level set 

method to capture the moving front. The main idea in level sets is to evolve a higher 

dimensional function, for which it's zero-level set shows the location of the propagating 

contour. In comparison with other deformable models, the level set method has more 

advantages: it can handle merging or splitting of the evolving contour, and numerical 

stability of the solution (the final result of evolution) is independent of initialization. In a 

level set algorithm, the evolving contour is the zero level set of a higher dimension of a 

constant function, which results in a complex computation. To remove this difficulty a 

narrow band level set method was introduced by Sethian. 

In the level set formulation, letting C (t) : 

C(t) = (XI4>(t,X) = OJ (I) 
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be the zero level set of function <I>(t,X) , then the evolution equation of the level set 

function <1> can be written in the following partial differential equation: 

<l>t + FIV<I>I = 0, <I> (X, 0) = <l>o(X) (2) 

where F is called the speed function of level set equation [39] and plays the most 

important role in the level set method which moves the contour in the normal direction 

and depends on the image data (external energy) and the level set function <I> (internal 

energy). <1>0 (X), is the initial level set function. The level set algorithm method is 

categorized in two main groups, edged-based and region based method. 

Edge-Based Model 

In the edge-based algorithm image gradient is considered as a constraint to stop the 

evolving contours! surfaces on the boundary of the desired objects. In these models a 

general edge detector is defined by a positive and decreasing function g: 

Iimx ... oo g(x) = 0 , g(O) = 1 (3) 

For example it can be as: 

1 
g(1 VUo (x, y, z) I = 1+IVG(x.)'.z).uo(x.)'.z)ll (4) 

where G * uo, a smoother version ofuo, is the convolution of the image Uo with the 

Gaussian filter: 

(5) 

In edge-based models, the evolving contour relies on image gradient. so in practice the 

gradient of an image cannot be zero on the object boundary and it may cross the object 

boundary where the edge is weak. The popular edge-based level set models are 

introduced in [52], [70], [71], [72], [73]. 
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Region-based model 

Region-based models use the intensity of the region of interest by creating certain region 

descriptors as the main factor to move the interface. Unlike edge-based models, region

based models do not use the image gradient and are capable of segmenting objects with 

weak boundaries and the initial contours can be initialized anywhere in the image. The 

most popular region-based models are proposed in [74-80]. The region based models 

have often been inspired from the well-known region-based model proposed by Mumford 

and Shah [81]. This model is used for an image segmentation task by smoothing the 

image and setting a set of discontinuities points for representing the object boundaries. 

Chan and Vese proposed a new model for active contours to detect objects in an image, 

based on techniques of curve evolution, using the Mumford-Shah functional for 

segmentation. Their model can detect objects whose boundaries are weak and not 

necessarily defined by a gradient. The method is derived by minimization of an energy 

based-segmentation. They introduced an energy functional F(Cl,C2,C) defined by: 

F{cv Cz, C) = p. Length{C) + v . Area(inside{C» + Al fluo{x,y) - cl1 2dxdy + 
Az !Iuo{x,y) - czlZdxdy (6) 

where Al > 0, A2 > 0, Il ~ 0, v ~ 0 are constants and the first and sccond intcgral arc 

taken inside and outside the closed curve C, respectively. By minimizing the above 

functional, they introduced the following region-based level set algorithm to segment an 

object in an image. 

~;= 8E(lp)(divC::I)-v-At(uo-Ct)2- Az(Uo~cz)2) 

lp(O,x,y) = lpo(x,y) (7) 

Where, c1, C2 are the mean intensity inside and outside the evolution curve respectively 

and CPo (x, y) is the initial contour. This model relies on intensity homogeneity. In fact the 

intensity of regions to be segmented must be statistically homogeneous (roughly a 

constant) in each region [82]. But intensity inhomogeneities are an issue which often 

happens in real world images and interfere with image segmentation. In order to 

overcome these difficulties Li at el [82] proposed a new region-based active contour 
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model that relies on intensity information in local regions at a controllable scale. In their 

method, first a region scalable fitting energy is defined which is based on the contour and 

two fitting functions. These two fitting functions locally approximate the image 

intensities on the two sides of the contour. The region scalable fitting energy is then 

incorporated into a variational level set formulation with a level set regularization term 

defined as: 

where, OE is Dirac delta function and el and e2 are two functions defined by: 

ei(x) = f Ko(y - x)ll(x) - ft(y)1 2dy i = 1,2 

J;.(x) = Ko(x)*(Mf(qJ(X»)/(X») 
l Ko (x) *(MfCqJ(x»)) 

(9) 

To segment the pulmonary artery, we developed a new customized edge-based level set 

algorithm with a new stopping criterion which is described in more detailed in section 

3.3.2.5-7. 

3.2.4.2. Fast marching Method 

The fast marching method is identified as a propagating interfaces algorithm which was 

proposed by Sethian in [83], [84]. If the front r is considered to propagate in one 

direction (inward or outward), then it has a monotonically decreasing or increasing 

propagation based on the sign of the speed function F. The position of the front is tracked 

by computing the arrival time T(x,y,z) when it crosses the point A(x,y,z). The motion 
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of the front f with speed function F which can be just positive or negative is defined as 

follows: 

IVT(x,y,z)IF = 1 

T(fo) = 0 (10) 

The arrival time of the initial position of the propagating front is considered as zero 

values. When the speed function F is only based on the position A(x, y, z), then the above 

equation reduces to an equation known as the ikonal quation. The Eikonal equation is a 

non-linear partial differential equation and is of the following form : 

lu(X)1 = F(X) X E n (II) 

Where u is zero on the boundary of n (open set in ~n) . 

In general, based on selecting different speed c nditions in the propagating or tracking 

algorithms, the level set and fast marching method can be categ ri zed in the initial value 

problem and boundary value problem respectively. 

--' 

Boundary Value Problem Initial Value problem 

IVT(x,y,z)IF = 1 CPt + FIVCPI = 0 

f(t) = (x,y,z)IT(x,y,z) = t} fCt) ={(x y, z)I¢(x y z, t) = O} 

F > 0 or F < 0 F : Arbitrary 

Both the boundary value problem and the initial value problem are special cases of a 

partial differential equation (PDE) known a Hamilton-Jacobi equation (HJ): 

aUt + H(Du,x) = 0 (J 2) 
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Where, H (Du, x) = F I Vu I - (1 - a) , and a is ei ther zero or one. Du represents the 

partials of u in each variable. By selecting a = 1 and then H = FIVul the level set is 

derived from the Hamilton-Jacobi equation and the fast marching algorithm is derived by 

choosing a = O. 

Implementation of Fast Marching Algorithm 

The fast marching algorithm is a procedur to find the arri va l time T(x, y, z) of the 

Eikonal equation: 

IVT(x,y, z)IF = 1 (13) 

at each point (x, y, z) given its neighb urs a h wn in Figure3- 1. 

T(x, )', z + 1) 

T x + 1, )", z) 

T (x, ) - 1, z) ----~---- T(x,y + 1, z) 

T x -1, , z) 

T(x, . , z- 1) 

Figure 3-1 how six neighbour of point T(x, y, z) 

The Fast marching method (FFM) is appropriate for the artesian d main [85], [86] and 

triangulated surfaces [87], [88]. In this section, a numerical implementation of the fa t 

marching algorithm in the Cartesian domain is described. 
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Sethian and Osher in [89] proposed the following discretizations of IVTI which gives a 

weak solution for the Eikonal equation. 

( _Y )2 . (+Y )2 Max Dijk T, 0 + Mm Dijk T, 0 + 

(14) 

In order to find an easier but less accurate solution, the following upwind scheme was 

applied to discrete IVTI. The upwind scheme refers to the direction of information 

propagation and it is defined in [90], [91]. 

Where, Di}k and Dijk are the backward and forward finite difference schemes given by: 

D -YT - TI./.k - TI./-1.k , Di-jkZT __ T/.!.k - T/.j.k-t 
, ijk - ~Y ~Z 

and 

D+XT _ T/+t.!.k - T/./.k 
ijk - ~X 

D+YT - T,./+t.k - T,./.k 
ijk - ~Y 

D~ZT = T,.j.k+t - T'./.k 
IJk foz 

Where, flx, fly, flz are the grid spacing in x, y, z directions, respectively. By substituting 

the above backward and forward finite difference scheme into equation (15) the following 

discretization scheme is derived. 
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M (
TI./.k-TI-l./.k T'./.k-T'+l./.k 0)2 + 

ax IJ.x ' IJ.x ' 

Max (TI./.k-TI./-l.k T,./.k-T,./+t.k 0)2 + 
lJ.y , lJ.y , 

(16) 

Max (TI.j.k-TI./.k-t T'.j.k-T,./.k+t 0)2 
IJ.z ' IJ.z ' 

By choosing: 

T = Tt,J,k 

Ty = Min(Tt,J-l,k , Tt,J+1,k) Tz = Min(Tt,J,k-l ,Tt,J,k+l) 

The equation (16) is simplified as follows: 

(
T-r)2 (T-r)2 (T-r)2 1 

Max IJ./"O + Max ~,O + Max IJ./ ,0 = Ftjk (17) 

For solving the Elkonal equation several algorithms have been proposed such as the 

iterative method which was proposed by Rouy in [90) and the single pass method or fast 

marching update scheme which was proposed independently by Sethian [86], Tsitisklis 

[92], and Helmsen [93]. 

The fast marching method for solving the Eikonal equation explicitly maintains a thin 

zone (narrow band) of candidate points that separates the grid points of known solutions 

from the unknown solutions. The main idea behind the fast marching method is that it 

establishes an order for selecting of grid points based on criteria and the arrival time 

Tex, y, z) at any grid points depends on the smaller value of the neighbours. In fact, the 

fast marching method is a front propagating algorithm in one direction from smaller 

values for arrival time Tex, y, z) to larger ones. 

Fig 3.2 shows how the fast marching update scheme works in 20 discrete grid points. 

The algorithm starts with an initial grid point where the value of arrival time T is known 

and the value of F is considered to be known at every point. Four neighbours of the initial 
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point then will be updated by applying the upwind finite difference equation (15). The 

one out of four neighbours which has the smallest value of T is chosen as a known point 

and its four neighbours (six neighbours in 3D) are updated. This scheme moves on 

through the entire domain successively. 

(a) (b) (e) 

(d) (e) (I) 

Figure 3-2 shows the fast marching propagation scheme in 20 . (a) how an initial point when T value 

is known . (b) Show four neighbours for initial point. (c) The mallcstvalueofTisele ted . Cd) The front 

propagates. (e) and (I) The algorithm continues. 

The fast marching algorithm 

different types of points. 

applied on grid pints which are c1assi lied to three 

• Alive points or known points (black points intig3.2) which are pints where 

the value of T are known 
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• Trial points (gray points in fig3.2) these points are around the alive points 

and are known narrow band points. In the propagation process the narrow 

band points are updated to alive points while the narrow band expands. 

• Far away points (white points in fig3.2) are all the points that have not yet 

been visited and these points convert to narrow band points during the 

propagation. 

The fast marching algorithm is described in more detail in Appendix B. 

High Accuracy Fast Marching Method 

In the previous section, for solving the Eikonal equation using the fast marching method, 

the gradient VT was approximated by a first order finite difference scheme. In the high 

accuracy fast marching method, to approximate the gradient VT the second order finite 

difference scheme is used. The second order backward finite difference schemes to 

approximate the first derivatives are given by [91]: 

D-XT _ 3Tt./.k - 4Tt-t./.k + Tt-2.j.k 
ijk - 2t\x 

V-YT 3Tt./.k - 4Tt./-t.k + Tt./-2.k 
ijk = 2t\y 

V-ZT 3Tt./.k - 4Tt./.k-t + Tt.j.Ic-2 
ijk = 2t\z 

and the second order forward finite difference scheme is given by: 

D+XT = _ 3Tt./.k - 4Tl+t./.k + Tt+2.j.k 
/jk 2dx 

D~YT = _ 3Tt.l.k - 4Tt./+t.k + Tt./H.k 
11k 2t\y 

V+ZT __ 3Tt./.k - 4Tt./.k+t + TI./.k+2 
ijk - 2t\z 

By substituting the above second order forward and backward finite difference scheme in 

equation (15) the following equation is derived. 
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2 
Max ( 3Tt./.k - 4Tt-l.}.k + Tt-2./.k 3Tt,J.k - 4Tt+l.j.k + Tt+2./.k 0) + 

2~x ' 2Ax ' 

1 2 
Max ( 3Tt.l .k - 4Tt.l-l.k + Tt./-2.k 3Tt./.k - 4Tt./+l.k + Tt./+2.k 0) + =-2-

FUk 2Ay , 2Ay , 

Max(3Tt./.k - 4Tt./.k-l + Tl.j.k-2 3Tl.}.k - 4TI./.k+l + Tl.j.k+2 0) 2 

2dz ' 2Az ' 

By choosing: 

T = Tt,J,k 

Tx = Min(4Tt- 1,J,k - Tt- 2,J,k , 4Ti+1,J,k - Ti+2,J,k) 

Ty = Mine 4Tt,J-1,k - Tt,J-2,k , 4Tt,J+1,k - Tt,J+2,k) 

Tz = Min( 4Tt,J,k-1 - Tt,J,k-2 , 4Tt,J,k+1 - Tt,J,k+2) 

The equation (IS) is simplified as follows: 

(
3T-T)2 (3T-r)2 (3T-r)2 1 

Max 2A/'0 + Max ~,O + Max 2~/'0 = Fj~k 

(18) 

(19) 

Based on the high accuracy fast marching method, the value of T must be greater than 

Tx , Ty , Tz so, the equation (19) can be simplified as follows: 

(
3T-TX)2 + (3T-Ty )2 + (3T-Tz)2 = + 
2~x 2dy 2dz F/ jk 

(20) 

Multi-Stencil Fast March;IIK Method 

The Multi-Stencil Fast Marching Method (MFMM), which was proposed in [100]. is an 

improved version of the fast marching algorithm which has very accurate results for 

solving the Eikonal equation in Cartesian domains. This method calculates the solution at 

each grid point by solving the Eikonal equation along several stencils. These stencils 

which are centred at each grid point should cover all the neighbours of each grid point 

and if they are not aligned with the natural coordinate system the Eikonal equation must 

be derived by using directional derivatives and is solved by applying a higher order finite 

difference scheme. In 2-dimensional space all Sneighbours of each grid point are covered 

by two stencils whereas in 3-dimensional space all 26neighbours are covered by six 
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stencils. By computing the arrival time at each grid point by solving the Eikonal equation 

along each stencil, the solution that satisfies the upwind condition is picked. 

For example in 3D for all stencils to find the first order approximation of directional 

derivatives the following equation is solved. 

~3 (T(X)-Tt)2 1 
£,i=1 Max IIx-x,II' 0 = FZ(X) (21) 

Where 

T(X) = Ti,J,k 

T2 = Min(Tt,J-1,k , Tt,J+1,k) T3 = Min(Tt,J,k-1 , Ti,J,k+1) 

And Xt is an alive (known) point at which the rt is minimum. 

Upwind Condition 

By solving the quadratic equation, in the case of two solutions the minimum one does not 

satisfy the equation (21), so is rejected. The other solution reX) must be checked with the 

three adjacent neighbours Tlt T2 and r3 • If the value of reX) is greater than the three 

neighbours the solution is accepted. Otherwise, T(X) must be checked with the values of 

two remaining adjacent points. If it is greater than the values of two points, then the 

quadratic equation is solved based on their values and the maximum solution is selected. 

Otherwise the solution would be: 

Distance Field 

. (", + IIX-XIII) 
mm 'i F(X) l = 1,2,3 (22) 

A distance field in 3D or 2D is the smallest distance from each point to the given set of 

objects. Each object can be a representation of data on a voxel grid or as an explicit 

representation of a surface. The distances between the point and an object can be 
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computed by using different metrics, such as the Euclidean or max-norm distance. A sign 

can be assigned to the distance field (signed distance field), if the given objects are closed 

or orientable. Distance fields are used in many applications such as computer graphics, 

computer vision and medical imaging especially in extracting the skeleton of objects. 

The fast marching method is one of most capable algorithms to compute the distance field 

at Euclidean metric if the front evolves at a unit speed. By choosing F = 1 in fast 

marching algorithm, the arrival time at each point shows the Euclidean distance. This 

distance field can be the minimum distance of each point to object boundary (DFB) or a 

minimum distance to a known source point (DFS). In Figure3-3 the computed distance 

field is visualized for different 2D shapes using the high accuracy fast marching method. 

The first column shows the distance field from the known source point (DFS) while the 

second column shows the object boundary (DFB). 
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(a) 

Figure 3-3 shows the computed distance field for different 20 shapes using high accuracy fa t marching 

method. (a) Shows the distance field from the known source point. (b) how the distance field from the 

object boundary. 
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3.3. Pulmonary artery (P A) segmentation algorithm 

Pulmonary artery tree segmentation is an essential requirement for some medical 

applications, such as detection and visualization of pulmonary embolisms (PEs). 

Moreover, as discussed in the previous chapter, segmentation of the pulmonary artery tree 

is complicated because it has multiple connections with other anatomical structures such 

as the pulmonary veins which can interfere with the segmentation of pulmonary artery 

boundaries. Many methods have been developed to perform the segmentation of an 

elongated shape such a pulmonary artery. In [40-42] a tubular enhancement filter has 

been employed using a combination of the eigenvalues of a llessian matrix followed by 

thresholding. ZahIten used a wave propagation method which proceeds by recursively 

marching through 3D neighbours of a seed voxel using image intensity, also based on 

thresholding. This algorithm creates a bifurcation graph by looking at the connectivity of 

the wavefront [43]. The method reported by Sebbe et al [44] uses slice marching and fast 

marching algorithms, which is sensitive to irregular vessel boundaries but is less 

sensitive than wave-front based methods. In general, most previous attempts to segment 

the pulmonary artery can be categorized into region growing methods [123-125], 

enhancing the vessels with Hessian matrix [126-128] and fuzzy connectivity methods 

[129]. 

In all previous methods, seed points for segmentation algorithms were manually selected. 

Therefore, automatically finding seed points allows the algorithm to be included in fully 

automatic pulmonary embolism detection systems. Moreover, in most previous proposed 

methods, the segmentation algorithm sometimes fails by merging thc pulmonary artcry to 

an adjacent organ: this is caused by acquisition resolution or noise and partial volume 

effect. 

In this contribution, an efficient algorithm for segmenting the Pulmonary Artery (PA) tree 

in 3D pulmonary Computed Tomography Angiography (CT A) images is presented. The 

pulmonary artery tree is extracted in two stages. We first extract the major artery in the 

heart region using a region growing method initialized by a seed point which is 

automatically selected within the pulmonary artery trunk. The segmentation result of the 

major artery is refined using a customized 3D level set algorithm. The major artery is 

extracted after the following steps: 

1) Enhancing the image by a non-linear diffusion filter. 
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2) Extracting lung and heart region as a search area for pulmonary artery 

segmentation. 

3) Removing the connectivity between the artery and other organs using a feature 

map based on eigenvalues of the Hessian matrix. 

4) Removing the superior vena cava 

5) Segmenting the pulmonary artery using a customized level set method starting 

from the initialized contour inside the pulmonary trunk. 

In the second stage, the peripheral pulmonary arterial network is extracted from the lung 

regions using a region growing algorithm, starting from seed points which are end points 

of left and right artery and are automatically selected. The following sections provide a 

detailed description of all steps for extracting the pulmonary artery. 

3.3.1. Diffusion Filter 

In medical image segmentation, especially in analysing a feature of an image, two 

requirements are necessary, smoothing of homogeneous regions and preserving the edges 

or location of boundaries. To achieving these two, a few works have been developed 

based on convolution of an image by a Gaussian filter. Although the Gaussian filter is a 

simple and effective tool to remove image noise, it also smoothes the boundaries of 

objects. P. Perona and J. Malik [45] proposed a non-linear diffusion model called 

anisotropic diffusion model to smooth an image whilst preserving the object boundaries. 

Anisotropic diffusion is a process in image processing to decrease image noise without 

removing parts of the image which are important for interpretation of images such as 

edges and lines. In fact in image processing, the anisotropic diffusion filter is a powerful 

tool to enhance and restore an image which is based on a PDE of heat transfer: 

:~ = div(c(IIV/ID2 VI) (23) 

where, c(IIV/ID 2 is diffusion coefficient which is usually based on the image gradient to 

control the diffusion rate in order to preserve the edge of image and it can be defined as: 

(
IVII)2 

or c(IIVIID2 = e- T (24) 
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where Ie is a gradient modulus threshold that contro ls the conduction. In other words, k is 

a manually-selected contrast constant that contro ls the spatial ex tent of the smoothing. 

Figure 3-4 shows the graphs of two diffusion coe ffi cients with di fferent values for k. 
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Figure 3-4 shows the graph of two difTerent diffu ion coeffic ient wi th differcnt valuc for It. 

In the proposed PA segmentation algorithm, the raw data is first smoothed using the non

linear diffusion filter proposed by P. Perona and J. Malik [45] by se lecting the diffusion 

coeffici ent c(II'V/11) 2 as: 

e _('V:I)2 
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3.3.2. Lung segmentation 

Lung segmentation is a first step for quantifi cati on o f most pulmonary di seases in 

pulmonary CT images such as analyzing lung parenchyma density [46], analyzing the 

mechanism of di aphragm [47] and airway analysis [48]. Accurate lung segmentation from 

high resolution CT images is a complicated task because o f various detail ed trachea l 

structures and complex lung anatomy. In pulmonary artery segmentati on, lung 

segmentation is a crucial pre-processing step to reduce the search area. Severa l works 

have been developed to segment the lung region in CT images. In the proposed CAD 

system, an efficient algorithm is used to segment the lung region. Thi s algorithm is a 

fully automatic technique to segment the lungs in T images which is based on three 

main steps. In the first step the lungs region is ex tracted using an optimized thresholding 

method and then le ft and ri ght lungs are separated by identi fy ing the anteri or and 

posterior junctions. The left and ri ght lungs are the search area for segmenting the 

peripheral artery. In the fin al step, the boundary of the lungs region will be smoothed. 

Figure3-5 shows the diagram of the lung segmentation algorithm. 

3D CT Ima ges 
Lung 

Extraction 
Separation of 

Lungs 

Sm oothing 
Left Lung 

Sm oothing 
Right Lung 

Figure 3-5 shows the di agram of lung segmentation a lgorith m 

3.3.2.1. Lung extraction 

The main aim of lung extraction is to separate the voxels of lung ti ssue from the voxe ls 

corresponding to the surrounding area using gray level thresholing. Instead of using a 

fixed gray level threshold, an optimized thresholding which allows the system to 
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accommodate the small variation in ti ssue density and uses an iterative method. In this 

method the lung region (body region) is separated from the background (non-body 

region) using a threshold Tk which is calculated iteratively [49] : 

k k r k +1 = Lp+Ln 
2 

(25) 

where Lt and L~ are the mean gray value of the body and non-body voxels after 

separating the body from non-body region with threshold Tk , respectively. U ing an 

initial threshold TO, the procedure (25) updates the thresholds until the condition Tk = 

Tk+1 holds. The initial threshold TO is chosen based n the intensity value for pur air (-

1000 HU). The optimized threshold allows the system to ad pt any small hanges in 

tissue intensity. 

After thresholding the data using optimized thre hold, a 3D connected component 

labelling is used to extract the big component which is related to lung r gion (Pigur 3-6). 

The extracted big component is contains f the left and right lung , trache and airway . 

In order to perform quantitative analysis of lung ti ssu and facilitate left and right lung 

separation, the trachea must be eparated fr m the extracted bi g c mponent. Before 

separating the trachea, the data is rearranged t k P a big c mp nent ~ r optimizing 

memory of system by creating a c nvex b x c ntaining the big c mpon nt. 

Figure 3-6 shows the result of lung e traction u ing 3D connected omponent labelling. 
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The trachea is segmented using an up to down region growing algorithm, starting from a 

seed point which is automatically selected from the top slices by searching for a circular 

connected component close to the middle of the slices. The result of trachea segmentation 

is subtracted from the result of lung extraction to remove the trachea. 

To find seed points for an up-to-down region growing algorithm, 20 connected 

component labelling is used from the top slices after thresholding based n T number 

for pure air (-1000 HU). Some properties of extracted components (objects) are measured 

such as: 1) Eccentricity which is a parameter which measures deviation of a conic ection 

from being circular. The value is between 0 and 1. The ellipse whose eccentricity is 0 is 

actually a circle, while an ellipse whose eccentricity is 1 is a line segment. 2) Area which 

is the actual number of pixels in the region. 3) olidity which i the pr portion of the 

pixels in the convex hull. The clo er 20 connected component to middle of top slice 

whose eccentricity is less than 0.60, the area i m r than 15 and it lidity i m rc than 

0040 is selected as the seed region for the up-to-down rcgi n growing algorithm. Th 

criterion of the growing in the propo ed algorithm i th imilarity of v x I v lu in 

which voxels with T number between -900 H and -1100 II arc c II ctcd a the 

trachea region. The trachea is then separ t d fr m th xtractcd big c mponcnt t 

achieve lung region. Figure 3-7 and ' igure 3-8 h w the result of trach a and lung 

extraction. 

(a) (b) 

(c) (d) 

Figure3-7 shows the results of trachea extraction algorithm. (a) Original top lice which i automatically 
selected to find seed points for up-to-down region growing algorithm. (b) Binary ma k after gray level 
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thresholding with CT number between -900 HU and -11 00 HU. (c) Seed points detected for trachea 
extraction . (d) 3D rendering for 3D trachea extraction results. 

Figure 3-8 shows the result of lung extraction. The trachea and main bronchus were removed fr m the 

lung region 

3.3.2.2. Left and Right Lung Separation 

In cross section CT images, the posterior and the anteri r junctions between I n and right 

lungs are sometimes thin and low contrast so in the lung extraction process applying gray 

level thresholding may not separate the left lung from the right lung n ar t these 

junctions. To separate the left and right lung, fi r t th lice that contain a single 

connected lung component are identified and th n the I cati n f the juncti n s lines is 

recognized. Unlike the propo ed method in [50] which uses a 3D morphological op rat r 

to separate the left and right lungs which i a time consuming method the pr po ed 

method searches for junction positions in 20 lices. The separation proce s is only 

applied on those slices which have a big and singl.e connected lung component. The 

location of the junction lines changes through the dataset due to th smooth pulmonary 

anatomy. To find the position of the junction line, first the number of pi xels i c unted at 

each column and the minimum number corre ponds to the position f a junction line 

(Figure 3-9). 
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Figure 3-9 shows the original image, connectIvIty between left and right lungs after gray leve l 
thresholding and separated left and right lungs. 

3.3.2.3. Smoothing 

In CT pulmonary images, the CT number used for extracting the lung region is between -

1100 HU and -900 HU and CT number for vessel in lung region is between 100 HU and 

300 HU. So in the lung extraction process, some vessels may be excluded from the lung 

region near the mediastinum and make empty spaces in the lung region. To fill the empty 

spaces caused by blood vessels and smooth the lung boundaries, a mathematical 

morphology operator is used. This mathematical morphology operator is a dilation 

operator followed by an erosion operator. The erosion operator is chosen to be slightly 

larger than the dilation operator to prevent connectivity between right and left lungs. The 

structure element applied for the morphology operator is a di sk with radius of 12mm for 

the erosion operator and 10 mm for the dilation operator. Figure 3.10 shows the result of 

a smoothing step in the lung segmentation algorithm. 

Figure 3-10: shows the results of the smoothing step in lung segmentation algorithm. (a) Original image. 

(b) Binary image after applying the optimized gray level threshold which shows voids caused by blood 

vessels. (c) The smoothed binary image 
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3.3.3. Heart Segmentation 

Since the pulmonary trunk, left artery and right artery are in the region between the left 

and right lungs called the mediastinum (the region which contains the heart), so the hear1 

region should be segmented as a search area for the pulmonary artery segmentation 

algorithm. In the proposed CAD system heart segmentation is a crucial task to find seed 

points for pulmonary artery segmentation algorithm automatically. 

An efficient algorithm is used to extract the region between the left and right lungs as the 

heart region automatically. In this algorithm, the binary lung region is the input data and 

the heart region will be output of the system and is based on three main steps: I) 

Extracting four sharp points of left and right lungs at each slice. 2) Separating the edge 

between up and bottom sharp points on the left and right lung in each slice. 3) Connecting 

the two top and two bottom sharp points. Figure3-11 shows the design of the heart 

segmentation algorithm. 

3D Binary Lung Images Extrac:ting four 
------ - --.. Sharp Points 

Separating lung edges between top 
--.. and bottom sharp points 

E'Xtrac:ting heart 
region boundaries 

Figure 3-11 shows the diagram of the heart segmentation algorithm 

Heart segmentation algorithm 

Heart segmentation is based on three main steps. In the first step, the four sharp points are 

identified at each 20 binary lung slice. To extract four sharp points: First, the two large 

components are selected at each slice which is related to left and right lungs using a 20 

connected component labelling algorithm. Second, by tracing object boundaries the 

exterior boundaries of the left and right lung are selected. Third, the key points of object 

boundaries are identified. The key points are identified by computing and comparing the 

distance between the exterior boundary points and the line which connects the top and 
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bottom boundary points at each slice. Fourth, the angles between each three successive 

key points are computed and finally the four sharp points are recognized by searching for 

two minimum angles in the top half and bottom half of each slice. In the second step, the 

lung boundaries between top and bottom sharp points in the left and right lung are 

separated. In the third step, the two top and two bottom sharp points are connected by an 

arc. Figure 3-12 shows the heart segmentation results_ 

(a) 

.......--.... .-. .. - . . ' - '\ " .[ .. 
J I . . , ' '. .: ~ , , : i ~' ., ~ , 

\. ", ~ - ,~, . 

(c) 

(b) 

(d) 

Figure 3-12: shows the heart segmentation results. (a) Key points of left and right lung boundaries. (b) 

Shows four sharp points angles. (c) The separated edges between top and bottom sharp points in the left 

and right lungs. (d) The separated edges between the two top and two bottom sharp poi nts in the left and 

right lungs. 
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Figure 3-13 shows the results of lung and heart segmentation. 

(d) (e) 

Figure 3-13: shows the lung and heart segmentation results. (a) Original image. (b) Mask of lung 

segmentation result. (c) Mask of heart segmentation result . Cd) The extracted lung reg ion from original 

image. (e) The extracted heart region from original image. 

3.3.4. Feature map 

The main interference in segmentation of the pulmonary artery in the heart region comes 

from those structures which also have high intensity and are close to the pulmonary artery 

such as the pulmonary vein, the superior vena cava and the aorta. Since the boundaries 

between different high-valued organs always have a relatively lower intensity value but 

low contrast, so in all segmentation algorithms based on their CT number, these two high-
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valued organs are connected. Figure3-] 4 shows an original image with connectivity 

between the pulmonary artery trunk, superior vena cava and aorta. 

(a ) (b) 

Figure 3-14: shows connectivity between the pu lmonary artery and the adjacent organs. (a) Original 

image. (b) The binary image after adaptive thresholding that shows connectivity between pulmonary trunk 

and aorta and superior vena cava. 

A feature map is constructed to enhance the boundaries between two different organs. 

The Hessian matrix and its eigenvalues are employed in the proposed pulmonary aJ1ery 

segmentation algorithm as a pre-processing step to construct a feature map. The feature 

map utilizes the 2nd-order derivatives of the image intensity after smoothing (using a 3D 

Gaussian kernel) at multiple scales to identify boundaries between two bright structures. 

Hessian matrix 

To analyze the local behaviour of a 20/30 image 1, the Taylor expansion of image I in 

the neighbourhood of a point Xo is usually used. 

(26) 

This expansion approximates the structure of an image up to second order where, VI (xo) 

is the gradient vector of image I at point Xo and H is the Hessian matrix : 

a aZ /(Xo) a z/ (xo) a z/ (xo) 
--

ax axz axay axaz 

H(xo) = (V. VT)l(xo) = 
0 

. [ :x 
0 

:z] l(xo) = 
OZ /(Xo) az/(xo) aZ /(Xo) 

oy oy ayox oy2 ayoz 
(27) 

0 OZ / (Xo) oZ/(xo) o Z/(xo) 
az -- --

ozox o" oy azZ 

The Hessian matrix, which describes second order gray level intensity variation, has been 

widely applied to enhance the image and detection of specific structures such as 
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vasculature in medical image analysis [56]. Eigen-value and eigenvector analysis of the 

Hessian matrix is used to characterize the local structure of each point in 20 and 3D 

images. 

To remove the connectivity between the pulmonary artery and other tubular structures, 

such as the pulmonary vein and the aorta, a feature map is constructed by a boundary 

enhancement filter: 

w(p) = Max . 1 k 3 arn1nsasarnax. s :S (28) 

where, Aa.k (P) denotes the k-th eigenvalues of the Hessian matrix 1fa(P) of image la( p) 

at scale 0'. Parameter r introduced in [51] is the r-normalized derivative for a normalized 

second derivative. In the proposed CAD system, a feature map (mask) is constructed 

based on a predefined threshold value Tw applied on w(p) to remove the connectivity 

between the pulmonary artery and other organs. Figure3-15 shows results of applying the 

feature map filter to eTA images using 0' = 2.5,3.0 and 3.5 

(0' is selected based on the size of pulmonary artery), Tw = 50. The parameter r is 

chosen experimentally as r = 1.5. 
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Figure 3-15: Shows removal of the connectivity between the pulmonary artery and the surrounding 

organs. The first column shows the three original CT A images; the second column shows the results of 

thresholding; the third column shows the effect of using the feature map to remove the connectivity 

between the pulmonary artery and the adjacent organs. 

3.3.5. Removing Superior Vena Cava (SVC) 

Anatomically, the superior vena cava is located in the middle of the chest and is 

surrounded by the trachea, aorta, thymus, pulmonary artery and right lung bronchus. It 

empties into the right atrium and then the right ventricle (Figure 3-16). It returns the 

blood to the heart region from the neck, both upper limbs and the head. 
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Pulmonary Artery 

Atrium 

Ventricle 

Figure 3-16 shows the middle region of the chest which consists of trachea, aorta, thymus, pulmonary 

artery, atrium and ventricle 

In a CTA image the CT value of the superior vena cava is the same as or slightly more 

than the CT value for the pulmonary artery and aorta and it may have connectivity with 

pulmonary artery and the aorta (Figure3-17). 

Figure 3-17 shows the connectivity between the superior vena cava and the other organs. First row 

shows the connectivity with the pulmonary artery and the second row shows the connectivity with the 

ascending aorta. 
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The superior vena cava interferes with the segmentation and separation of the 

pulmonary artery. In order to facilitate the segmentation of the pulmonary artery, the 

superior vena cava is extracted using a region growing algorithm starting from a seed 

point which is automatically selected in top slices in the heart region . Since the contrast 

material is injected through the superior vena cava to the pulmonary vessels in CT A 

images, the CT value of the superior vena cava is slightly larger than the CT value of 

other vessels especially in the top of aortic arc region. Therefore the seed points can be 

identified after applying a threshold determined by the CT number for superior vena cava 

(400 HU), followed by 20 connected component labelling. These seed points are related 

to the largest component. Figure 3-18 shows the results of segmentation of the superior 

vena cava. The left column shows the original 2D top slices of the heart region in CT A 

images, the middle column shows the selected seed points and the right column presents 

the superior vena cava segmentation results using a top-down region growing algorithm. 

Figure 3-18: shows the superior vena cava segmentation results . Left column: Original 2D top slices of 

heart region for looking for seed region . Middle column: The seed region which was selected automatically 

in top slices in the heart region. Right column: Superior vena cava segmentation results . 
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3.3.6. Major Artery Segmentation 

The pulmonary artery segmentation algorithm is performed in two steps: major and 

peripheral artery segmentation. The major artery is extracted by a new customized level 

set algorithm in the heart region by using an initial surface which is automatically 

selected inside the pulmonary artery region as an initial counter. The proposed level set 

algorithm is an edge-based model which relies on an edge function depending on the 

image gradient to stop curve evolution. In noisy images, using a strong isotropic 

smoothing Gaussian filter smoothes the edges and makes the curve pass the boundary of 

the object. To smooth the homogeneous region and preserve the edges or locations of 

boundaries, an anisotropic diffusion filter proposed in [45] is applied for pre-processing. 

Figure 3-19 shows the diagram of a major artery segmentation algorithm. 

3D Heart region Remo,·al 
ConnectiYity 

Fmding Initial 
Contour 

Applying LeHI 
Set Method 

3D ~ r aj orPuhnonary Artery 
• 

Figure 3-19 shows the diagram of the major artery segmentation algorithm. 

3.3.6.1. Initial Contour 

The initial contour for the 3D level set algorithm is selected within the pulmonary artery. 

First, the initial segmentation of the artery is taken by thresholding with an optimized 

threshold. This optimized threshold is automatically selected by analyzing an intensity 

histogram of the heart region. Based on anatomical analysis, there are two main groups in 

the heart region: I) The pulmonary artery, superior vena cava, right atrium and ventricle 

which have the highest CT value, and 2) The left atrium and ventricle, aorta and 

pulmonary vein which have a lower average CT value than the pulmonary artery. Figure 

3-20 (first row) shows the distribution of CT values in the heart region for two different 

datasets, from which the first peak can be associated with the CT value of group (2) and 
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the next peak can be associated to group (I). In order to find an optimized threshold, the 

distribution CT value profile of the heart region in an image is analyzed. The two biggest 

maximum peaks of profile are identified and the minimum peak between these two is 

selected as an optimized threshold. Hence a suitable threshold for segmentation of the 

pulmonary artery Tpa for the first dataset was automatically set as a value Tpa = 1201 

(Figure3-20 left profile of second row) and for the second dataset the optimized threshold 

was computed as a value Tpa = 1135 (Figure.3-20 right profile of second row). 
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Figure 3-20 First row show the distribution of CT values profile in the heart region for two different 

datasets and second row shows the computed maximum and minimum peaks, The minimum peak between 

the two biggest maximum peaks of the profile is considered as an optimized threshold. 

After initial pulmonary artery segmentation using an optimized threshold, the feature map 

filter is applied to remove the connectivity between the artery and other organs. In some 

datasets the feature map filter may not completely remove the connectivity, so to ensure 

that there are no more connections between the pulmonary artery and other organs, a 

feature map filter following a morphological erosion operator is applied. Figure 3-21 

shows the results of removing connectivity between the pulmonary artery and other 
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organs (superior vena cava and aorta) using the feature map filter followed by a 

morphological erosion operator. 

(a) (b) (c) 

Figure 3-21 shows the removal of connectivity between the right artery and superior vena cava using the 

proposed feature map and erosion operator. (a) Shows the connectivity between the superior vena cava and 

the right al1ery (arrowed). (b) Feature map implementation result . (c) Shows the completed removal of 

connectivity after using the erosion operator. 

After removing the connectivity, a region growing algorithm is applied starting from a 

seed point which is automatically selected inside the artery by searching for the largest 

connected component in the heart region. The biggest connected component is selected 

using a 20 connected component labelling algorithm. Figure 3-22 shows automatic seed 

points selection results on a different dataset. The left column shows the original CT A 

images and the middle column presents the thresholding results on the original data using 

an adaptive threshold to extract an initial contour and the right column shows the selected 

seed points. 

62 



CHAPTER 3: Pulmonary Artery Segmentation 

Figure3-22: shows selecting seed point inside the pulmonary artery. Left : Original row data. Middle: 

thresholding results using an adaptive threshold . Right : The se lected seed points inside the pulmonary 

artery in the heart region. 

The result of the region growing algoritlun is considered as an initial contour for the level 

set algorithm to obtain a desirable segmentation of the pulmonary artery. Figure 3-23 

shows the different 3D initial contours which are automatically selected inside the 

pulmonary artery in the heart region. 
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Figure 3-23 shows different 3D initial contours se lected inside pulmonary artery . 

3.3.6.2. Proposed 3D Level Set Method 

As Figure3-15 shows, the vessel size can be reduced after applying the feature map filter 

on CT scans and it can be the reason that a CAD system misses some potential PEs in 

those trunk and main arteries with reduced size. In order to enhance the segmcntation 

result a new customized level set algorithm is applied using the initial contour described 

in section3.3.6.1. The new customized level set algorithm is inspired from a geometric 

active contour model proposed by Case lies in [52] to improve the segmentation results 

derived from region growing algorithms. This model which overcomes the limitation of 

classic snakes is obtained by minimization of the functional: 

(29) 

where C(q): [0 1] -. ~2 is a parameterized curve, I: IR2 -. IR is an image in which the 

object boundary will be detected and a and A are real constants. By minimizing the 

functional E(C) using Euler-Lagrange the following curve evolution equation is derived. 

aC(t) -> -+ -+ at = g(J)KN - (V 9 . N)N (30) 

where K is the Euclidean curvature and N is the unit inward normal. Assuming that the 

curve C is a level set of a function u (C coincides with the set of points = constant ), 

then u is an implicit representation of curve C and is topology free so that different 

topologies of the zero level set do not imply different topologies of u. So, this implicit 

representation of curve C can be appropriate for curve evolution applications in the 
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framework of the level set method introduced by Osher and Sethian [39]. The level set 

framework of the model by adding a constant v which controls the speed of evolution and 

adding the term V 9 . Vu which attracts the curve to the boundary of objects is: 

~; = IVuldiv (0(1) 1::1) + vo(l)IVul (31) 

This equation is equivalent to: 

~~ = g(v + K)IVul + Vu. Vg (32) 

That means that the level sets move according to: 

Ct = o(l)(v + K)N - (Vg .NfiV (33) 

The advantage of this model is that the model uses fewer parameters. The parameter v is 

the only parameter which is used in the model and it is possible to choose v = 0 (no 

constant velocity), and the model still converges but in a slower motion. Since this model 

evolves an initial curve according to the boundary attraction term towards one direction 

(inwards or outwards), therefore, in order to achieve a proper result it needs a specific 

initialization step. The initial curve should be completely interior or exterior to the real 

object boundary. As described in the initial contour section, the initial contour is 

automatically selected inside the real object boundary (inside the pulmonary artery), so, 

inspired by this model and using a new customized external energy, the following edge

based level set algorithm is used to segment the pulmonary artery: 

<l>t = IV<I>I (diV (Fext 1::1) + vFext ) in [O,oo[ x R3 

<I>(x,Y, Z, 0) = ct>o(x,Y, z) (34) 

where <1>0 is the initial level set function (in our application the result of initial major 

artery segmentation described in section 3.3.6.1 is considered as the initial level set 

function), v 2:= 0 is constant and F ext is an external energy function. 
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We proposed a new external energy which is composed oftwo energy functions: 

F ext = F edge X Fintensity 
(35) 

F is based on edge strength which can be a positive and decreasing function that 
edge 

depends on the gradient ofthe image Uo . 

1 
F (x y z) - -~---:----:"----::-:-::' 

edge " - 1+IVG(x,y,z)*uo(x,y,z)I Z 
(36) 

or 

F (x Y z) = e-1V/(x,y,z)1 
edge , , 

where G * uo. a smoother version ofuo. is the convolution of the image Uo with the 

Gaussian filter. 

Fintensity is based on intensity values which prevent front propagation to the background 

where the gradient of the boundary of object is weak. 

_ {exp( -1/2 X (I(X,Y,~)-Cl)m) I(x,y, z) < c1 

Fintensity - 1 c1 < I(x,y,z) < c2 
exp( -1/2 X (I(X,y,Y)-C2)m ) I (x, y, z) ~ c2 

5 

(37) 

where c1 and c2 are defined as the minimum and maximum CT values of the pulmonary 

artery (in our application c1 =150 HU and c2=350 IIU) and s, m are tuning parameters of 

the function which are empirically set to 50 and 2 respectively. 

Figure 3-24 shows the graph of external energy based on intensity function. This function 

is based on prior intensity information of arterial tree. 
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Figure 3-24 Function of intensity based on external energy (cl=150, c2=350, s=50 and m=2) 

In the implementation of the level set algorithm, it is numerically crucial to keep 

periodically the evolving level set function close to a signed distant function as the level 

set function «t> can develop a very sharp and flat shape during the evolution [52],[53]. A 

re-initialization process has been used to keep the level set function as a signed distance 

function in the level set implementation algorithm. A common re-initialization method is 

to solve the following equation proposed by Sussman, Smereka, and Osher [54] 

(38) 

Where, CPo is a function that is to be re-initialized, and S(CPo) is the sign function given by 

[54]. 

(39) 

Given any initial data for cp, and by solving the equation (38) to the steady state, the new 

values for cp have the property that IVcpl = 1, since convergence occurs when the right

hand side of (38) is zero. The sign function controls the flow of information: for negative 

values, information flows one way, and for positive cp the information flows other way 

[55]. 
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3.3.6.3. Level Set Stopping Criterion 

Level set algorithms commonly choose an arbitrary stopping criterion for the evolution 

process based on a fixed (and usually large) number of iterations, M. This can lead to 

problems with stability and convergence of the evolving function. Firstly we may achieve 

the desired segmentation before the iteration process ends, hence performing much 

unnecessary computation and increasing the algorithm's execution time. These 

unnecessary iterations may also result in the evolving curve crossing the object boundary, 

especially at weak boundaries. Secondly, the speed function, which forces the embedded 

curve into a steady-state, is leaky, so it can produce unsatisfactory segmentation results 

after much iteration [131]. As a consequence we should wish to choose a smaller value 

for the stopping criterion. We propose a new stopping criterion which uses a measure of 

the mean curve energy, which forces the curve toward the object boundaries, to halt the 

evolution process at an optimum iteration 

fFdt5 
n 

E=-
fd5 
n 

n = {(x,y,z)I-(J S ct>(x,y,z) S (JJ 

(40) 

where n is a narrow band of the evolving surface and ~ is the width of narrow band. We 

first apply the method with relatively large iteration value (M) which is determined by 

the individual application. During the process, the mean energy values of the N last 

iterations are kept as a profile. The process terminates where the variation of this profile 

falls to zero. 

Figure 3-25a shows an example of the mean energy plotted against iteration number. 

Figure 3-25b is the contour associated with the best iteration number to segment the 

pulmonary artery trunk is No ::::: 130. Using a large iteration number (M ::::: 300) results in 

the evolving curve growing beyond the boundary of the artery (Figure 3-25-c). 

68 



CHAPTER 3: Pulmonary Artery Segmentation 

• Mean Energy Profi le · 

c 
o 

2 r---~----~----~----~--~-----. 

~ 
Q) 1.5 
~ 

Q) 
Q. 

>-. 
~ 
Q) 
c 
Q) 0.5 
c 
n:I 
Q) 

::?: 
50 

(b) 

100 150 200 250 300 
level set iteration 

(a) 

(c) 

Figure 3-25 (a) Shows mean curve energy against iteration number for pulmonary trunk segmentation, 

(b) segmentation after 130 iterations (c) segmentation after M=300 iterations. The curve has crossed the 

boundary of the pulmonary trunk due to the large number of iterations. 

3.3.6.4. Numerical Implementation of the Proposed Level Set Method 

In order to reduce the running time of the process, a narrow band level set method has 

been used. The idea of narrow band level sets was introduced by Adalsteinsson and 

Sethien to solve the level set Eq.34 for a narrow band ~ pixe l/voxel wide around the 

interface [68]. The values of <P within the narrow band are updated during the 

computation. 

a~ a~ a~ . 
In the level set Eq.34 all spatial derivatives ax ' ay and a; are approxImated by the 

central difference, and the temporal partial derivative a~ is approximated by the forward at 
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difference. The approximation of Eq.34 by a finite difference scheme can be simply 

written as: 

<I>!1l·+k
1 = <I>~'k + 8tH(4)~Jk) l.J. l.J. l •• (41) 

Where, H(<I>r.h) is the approximation of the right hand side of Eq.34 by the central 

spatial difference scheme and 8t is the time step. More details of the numerical 

implementation of the proposed level set algorithm are given in Appendix B. 

Stability and CFL condition 

The value of the time step has been arbitrarily assigned in most level set implementations. 

The larger the time step, the higher the speed of the curve or surface evolution. For small 

values of the time step, the convergence is slow but the result is satisfactory, while large 

values of the time step, give a speed-up of the evolution but lead to poor results. 

Therefore, there is a stability issue which depends on the selected time step. 

By solving the proposed partial differential equation (level set equation) numerically 

using a finite difference scheme, some approximation errors are presented at each 

iteration. These approximation errors keep accumulating over time and lead to instability 

of the solution. This instability is a local issue and even for an accurate numerical 

solution, this instability may occur. The global stability issue states that the numerical 

range of dependence must always contain the theoretical range of dependence of solution. 

Otherwise, no matter how accurate the solution, the error will always be magnified at 

each step and will lead to instability. 

The application of the above principle to level sets leads to the Courant-Fricdrichs-Lewy 

(eFL) condition [55] as: 

(42) 

Where, hx • hy and hz are the grid spacing in x, y and z direction respectively and Fmax is 

the maximum absolute evolving speed of all the points on grid. This means that the 

evolving contour cannot cross more than one grid at each time step. 
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Figure 3-26-a, band c shows the results of major pulmonary artery segmentation results 

applied to different datasets. The left columns show different slices of three original 

datasets. The middle columns show the selected initial contours inside the pulmonary 

artery. The right columns represent the segmentation results of the major pulmonary 

artery using the proposed 3D level set algorithm. 

Figure 3-26-a: (a) Segmentation result using 3D level set method. Left: Different slices of the original 

dataset. Middle: Initial contours selected inside the pulmonary artery. Right: Segmentation results. 

71 



CHAPTER 3: Pulmonary Artery Segmentation 

Figure3-26-b. Segmentation result using the 3D level set method. Left : Different slices of the original 

dataset. Middle: Initial contours selected ins ide the pulmonary artery. Right : Segmentation results. 
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Figure3-26-c. Segmentation result using the 3D level set method. Left: Different slice of the original 

dataset. Middle: Initial contours selected inside the pulmonary artery . Right: Segmentation results. 

Figure3-27 shows the 3D segmentation results of the major pulmonary artery in the heart 

region using the proposed level set algorithm. 
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Figure 3-27 Segmentation results of the major pulmonary artery using the 3D proposed leve l set 

algorithm for different datasets. 

3.3.7. Peripheral Artery Segmentation 

The peripheral pulmonary arterial network is separately ex tracted from the lung regions 

(left and right) using a region growing algorithm, starting from secd points which are cnd 

points of the left and the right artery and are automatically selected. Thc seed points are 

selected by applying an "AND" operator between the mask resulting from major artery 

segmentation in the heart region and the convex hull box containing the lung region . A 

pre-processing is first performed to enhance vascular structure to improve vessel 

visualization in volume rendering techniques and to facilitate the task of segmentation 

[56]. Due to the point-spread function (PSF) the high threshold value which is used for 

major artery segmentation cannot be useful for periphery artery segmentation and so, the 

threshold value for the peripheral artery is selected slightl y smaller than that used in the 

heart region to extract the major artery. In the peripheral artery of patients with PE, the 

blockage can be so large that the artery is di sconnected from the rest of the vessel 

network. So before applying the region growing algorithm, a tracking algorithm is used 

to connect the peripheral artery to the unconnected artery. This tracking algorithm is 

based on three steps, first segmentation of the peripheral artery (collecting voxels with 

CT number for the pulmonary artery), second the segmentation of the unconnected artery 

caused by a PE (collecting voxels with CT number for an embolus) and applying an OR 

operation to connect the segmentation artery and the dilated unconnected artery. The 

segmentation of unconnected artery can be used for PE candidate detection . Figure3 -28 

shows the diagram of the peripheral artery in lung region. 

74 



CHAPTER 3: Pulmonary Artery Segmentation 

I 3D lWlg region I 

I 
, I 

L 
L 3 D filt ering 

! 
1- _1 

Left Artery l Ri ght Art ery 

I Extraction Extraction 

L Peripheral Artery J 
Extraction _ J -- .. 

Figure 3-28 shows the diagram of pcriphcral artery segmentation a lgorit hm . 

3.3.7.1. Vessel Enhancing 

Accurate quantification and segmentation of vascular structures such as the peripheral 

pulmonary artery (segmental and sub-segmental) is crucial in diagnosis, detection and 

treatment of vascular diseases. Vessel enhancement in medical images is needed as a pre

processing procedure to improve and facilitate the task of segmentation of vascular 

structures. Before extracting the peripheral artery in lung regions a 3D enhancing filter is 

first created to enhance vascular structures. Then the left and ri ght extracted vessels are 

filtered using this filter to collect voxels related to vascular structures. 

A few works have been developed to enhance the vascular structure. Frangi proposed a 

vessel enhancement filter by introducing a vessel ness measurement based on geometrical 

analysis of all eigenvalues of the Hessian matrix [56]. Manniesing in (57] developed a 

method to enhance vascular structures which is known as a V D filter (Vessel Enhancing 

Diffusion). This filter is a combination of a smoothing vessel filter which is based on 

analysing eigenvectors and eigenvalues of the Hessian matrix and a non-linear 

anisotropic diffusion procedure. In fact , the VEO is an enhancing di ffusion filter, which is 

utilized in the framework of scale space theory to guide a diffusion process and measures 

the vessel ness based on eigenvalues of the Hessian matrix. 
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We applied the following Frangi filter to enhance and collect voxels related to the vessel 

structure in the left and right lung regions. 

otherwise 
(43) 

With range Vs E [0 1], and the sensitivity of the filter is controlled by thresholds and 

constants a, fJ and y and the ratios RA , R8 and S are defined as follows: 

R - 1.111 
8-

v'IA2A31 
s = .J A~ + A~ + A~ 

111 which RA differentiates plate structures from line-like structures, R8 measures 

deviation from a blob shape structure and S differentiates between background and 

foreground (vessel). The vessel ness measure is computed at different scales a and has a 

maximum value when the scale a is matched with the size of the vessel to be detected. 

v = max~ . s~s~ V(a) vmm v vmax (44) 

where, the vessel structures are expected to be found between two maxImum and 

minimum scales amin and a max . 

Figure 3-29 shows application of the filter to different data set. The parameters a and fl 
are considered fixed values (a = fJ = 0.5 ) and the value of y which depends on the gray 

level range on an input data set is also set at y = 1150 in all results of the proposed work. 

The left column in Figure 3-29 shows the original data set and the middle column shows 

the results of peripheral artery segmentation algorithm using a region growing algorithm 

and the right column presents the results of applying the filter on segmented vessels. It 

can be seen that in the middle column the pulmonary artery is connected to the other 

organs, such as airways, via soft tissue between the pulmonary artery and trachea. But as 

shown in the right column, these soft tissues which are related to non-vascular structure 

were removed by applying the proposed filter. The removal of soft tissues is crucial to 

reduce the false positive detection rate (chapter 4). 
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Figure 3-29 Left column shows 20 contrast CT images of peripheral vessel in the lung region. Middle 

column shows the peripheral artery segmentation results using a region growing algorithm and the right 

column presents the results usi ng the enhancement filter. 

3.3.7.2. Left and Right Peripheral Artery Segmentation 

The left and right peripheral arteries are automatically and separately segmented in the 

left and right lung regions using a di stinct region growing algorithm. The region growing 

algorithm is started from seed points which are automatically selected in the left and right 

arteries. The seed points are selected by applying an "AND" operator between the mask 

resulting from major artery segmentation in the heart region and the convex hull box 

containing the lung region. The region growing algorithm collects a ll enhanced voxels 

related to pulmonary artery tree in the lung regions. Figure 3-30 shows the result of the 

peripheral artery segmentation algorithm. 
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Figure 3-30 shows periphery artery segmentation results in different datasets. 

The major pulmonary artery, the peripheral artery and the path to unconnected arteries are 

all combined with an OR operation as a search area for pulmonary embolism candidate 

detection. 

Figure3-31 shows the final result of pulmonary artery tree segmentation (Figure3-31-b 

the major artery in heart region, (c) the peripheral artery in the left lung region, (d) the 

peripheral artery in the right region). Based on the new stopping criterion the optimum 

iteration number is No :::::: 80 where the variation of the mean energy profile falls to zero 

(Figure 3-31-a). 

- M .. n Energy Profile -
O B.-----------~--~ 
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" 

~-~ 
, 

(e) (d) 

Figure 3-31 : (a) Shows the mean energy profile of the level set algorithm, (b) the completed 

segmentation of the major pulmonary artery in the heart region, (c) the peripheral artery in the left. lung 

region, (d) the peripheral artery in the right region. 
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3.4. Summary 

In this chapter one of the major components of the proposed CAD system (P A 

segmentation) has been demonstrated. To segment the pulmonary artery which is the 

search area for pulmonary embolism (PE) a fully automatic algorithm has been developed 

and the major components of P A segmentation algorithm are: 

Lung and Heart Segmentation 

The lung and heart region were extracted from the raw data to reduce the search area for 

segmenting the pulmonary artery. A fully automatic technique has been proposed to 

segment the lung region in CT images which is based on three main steps. In first step 

lungs region is extracted using an optimized thresholding method from CT images and 

then the left and right lungs are separated by identifying anterior and posterior junctions 

and finally the boundary of the lungs region will be smoothed. The validation of the 

proposed method is evaluated in chapter 5. The heart boundaries have been identified by 

extracting and connecting four sharp points of the left and right lungs. 

Feature Map Extraction 

The main issue to segment the pulmonary artery tree is connectivity between the 

pulmonary artery and the surrounding structure such as aorta, superior vena cava and 

vein. A feature map was first constructed using the eigenvalue of the Ilessian matrix to 

remove the connectivity. 

Pulmonary Artery Segmentation 

The pulmonary artery tree has been separately extracted in the heart and lung regions. 

The major artery was first segmented by a region growing method initialized by a seed 

point which was automatically selected within the pulmonary artery trunk in the heart 

region, and then the segmentation result was refined using a new customized 3D level set 

algorithm. The level set algorithm applies the output of the region grower as the initial 

contour. The peripheral artery was segmented in the left and right lung regions using a 

region growing algorithm after enhancement by a vessel enhancing filter. 
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4.1. Introduction 

4. PULMONARY EMBOLISM 

DETECTION 

The first step to detect the pulmonary embolism is pulmonary artery segmentation which 

reduces the search area in order to reduce false positive detections. The second step is 

searching for a pulmonary embolism candidate inside the segmented artery and finally 

removing false positive detections by analysing the features of candidates. Some works 

based on feature extraction have been developed to detect true pulmonary embolisms and 

remove false positive detections. Masutani et al. [25] used feature based on the intensity, 

local contrast, volume and length of PEs to detect true PEs and removing false positive 

detections. Zhou [26], [27] proposed a CAD system to detect PEs by applying features 

based on intensity, edge strength, length and volume. Pichon [58] used features based on 

the intensity and size. He highlighted potential PEs on a 3D representation of the vessels 

by projecting the intensities inside the vessel and selecting first quartile of intensities 

between the medial axis and the surface of vessel. H. Bouma et al [34] proposed a CAD 
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system for the classification of pulmonary embolisms inside the segmented vessels using 

new features such as location and shape of vessel. 

In all previous proposed CAD systems all the pulmonary vessels were se lected as search 

areas to detect PE, which increases false positive detection rate. Moreover in the 

segmentation process, the regular shapes of vessels are not completely extracted and 

emboli that are connected to the vessel wall can be missed (see Figure 4-1) during the 

segmentation process. So by extracting the pulmonary artery as the only place to find the 

pulmonary embolism, and by analyzing the shape of segmented artery and the shape of 

lumen as a further feature of PE to detect the missed PE, we improve the sensitivity of 

detection. We also proposed a new feature which is the location of PE candidate to 

remove false positive detection. Most false positive detections come from so ft ti ssues 

which are located between a bronchus and an artery, against the vessel wall and have the 

same intensity of PE and might be interpreted as PEs. By track ing the segmented trachea 

and its branches (bronchus), false positive detections derived from soft ti ssues are 

removed. 

Figure 4-1 shows the segmentation results fo r the pulmonary artery. The acute pulmonary embolism was 

missed in the segmentation process. 

In the contrast enhanced CT images, pulmonary embolism (PE) can be identified as a 

dark region inside the segmented artery. However, other tissues or regions can have 

similar intensities. These are associated with the partial volume effect (voxels on the 

boundary of the segmented artery), parenchyma disease, streak artefact radiating from the 

superior vena cava, noise and lymphoid tissue (see Figure 4-2). To reliably detect the PE 

a group of voxels inside the segmented artery are extracted as an initial candidate for 

pulmonary embolism and subjected to the following analysis to di stinguish true PE' s 

from look-alikes (false positives). 
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(a) (b) (c) 

Figure 4-2: shows dark regions which are not caused by pulmonary embolisms but have the same 

appearance. (a) Artefacts radiating from the superior vena cava. (b) Lymphoid tissue. (c) Flow vo id 

This chapter consists of two maIn sections, I) PE candidate detcction section which 

investigates fi ve di fferent PE detectors to find voxels that may be related to PE. These 

five different PE detectors respond to di fferent characteri stics of Pulmonary emboli sm 

and 2) False positive reduction , which is based on analysis of extracted features to 

remove false positives. 

4.2. PE Candidate Detection 

The aim of PE candidate detection is to find voxels inside the segmented artery which 

have the same intensity as PEs. Five different detectors are used to reject fa lse positives 

or accept true PE's. The five PE detectors respond to the different properti es o f PEs. 

Four of the detectors are based on intensity search voxels inside segmented artery and the 

other is based on analysing the shape of a segmented artery to find PE candidate voxe ls 

outside the artery. 

4.2.1. First PE Detector (Based on Intensity) 

The first PE detector is based on CT value. A PE inside the segmented artery is darker 

than the contrast-enhanced blood, so using an optimal threshold the dark objects can be 

di scriminated from the bright objects. This detector collects voxels as initial PE 

candidates if the original CT values of the voxels are inside the range between -25 

Hounsfield units (HU) and 75 HU (see section5.3.3). Figure4-3 shows the results of PE 

candidate detection using first the PE detector. 
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The results of the first PE candidate detector show that thi s detector does not respond to 

all types of PE. As Figure4-3 shows the small PE inside the pulmonary artery (indicated 

by the red circle) was not detected by thi s detector. 

Figure 4-3 shows the result of the first PE detector. Lefl : Original image in which the un-detected PE is 

arrowed by red circle. Right: The binary mask created by the first PE detector. 

However, this detector cannot di stingui sh between embolism and lymphoid ti ssue or soft 

ti ssues which are located between the pulmonary artery and airway system. Fi gurc4-4 

shows the results of the first PE detector in which the detector cannot di scriminate 

between embolism and soft tissue. 

(a) (b) (c) 

Figure4-4: shows applying first PE candidate detector based on CT value. (a) The original image which 

shows pulmonary embolism inside pulmonary artery and soft ti ssue between pulmonary artery and main 

branch of bronchus. (b) The mask derived from pulmonary artery segmentation results. (c) The result ofP E 

candidate detector which cannot discriminate between embolism and soft tissue. 
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4.2.2. Second PE Detector (Based on Geometric Analysis) 

As the result of first PE detector showed, it does not respond to some characteristics of 

PE. For detecting all potential PEs, other detectors are examined. The second detector is 

based on differential geometry and uses eigenvalues of the Hessian matrix to detect a 

dark region in the segmented artery [25]. The second derivatives of multi-scaled image at 

scales between Omin and omax are computed in three orthogonal directions which have 

the directions of maximum second derivative values. Since in an enhanced CT image a 

pulmonary embolism has a CT value less than its background, the values of the second 

derivatives are positive in the orthogonal directions. So, if the eigenvalues are sorted by 

decreasing magnitude CIA11 > IA21 > IA31) then a dark spot can be detected by a positive 

value of the first eigenvalue A1 (Figure. 4-5). 

'83.53671 '13".7267 '150.92~ _:!.:!?g07 ' 125.920" 
-131.3239 ·135.9728 ·108.4126 -84.8553 -81.3435 - --r 
-141.2881 444 -52.2649 
-112.2902 24.6454L 30.5725 -45.2494 
-74.087 27.6435 38.9811 34.8827 -51.8968 --

24.6409
1 

23.6912 -65.3091 
-31.1917 -89.6663 
-67.6573 -136.3869 

-141.4370+- -162.6978 --137.1005' -149.8246 -157.5354 -146.9865 -96.99 11 

Figure 4-5 Shows the result of PE detector using eigenvalues of the Hessian matrix. Positive first 

eigenvalues (numbers inside the red closed curve) identify a PE candidate. 
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This detector responds to detect dark areas (potential PEs) which are surrounded by 

bright lumen. Figure 4-6 shows the results of applying the second detector, locating a 

candidate PE which was not detected by the first detector. 

Figure 4-6 shows the result o f the second detector which was missed by the first detector 

4.2.3. Third PE Detector (top-hat Operator) 

The third PE detector utili zes the morphological black top-hat operator [59] or local 

contrast [25]. The black top-hat transform is a gray level mathemati cal morphology 

operator used to separate voxels, which can be as a PE voxels, whil st removing noise. 

The top-hat transform consists of two operations, first a gray level morphological closing 

and then subtraction of the original image. 

lop-hat transform = gray level morphological closing operalor - original image 

The gray level morphological closing operator removes dark structure and the 

subtraction operator enhances the dark region. Figure4-7 shows the results of applying 

the top-hat operator on two di fferent datasets. The dark regions are extracted when the 

top-hat transform is applied inside the segmented artery. Since the boundary of the 

segmented artery has a lower intensity than the centre of the artery so the dark boundary 

of segmented artery is also extracted by applying the top-hat transform . In order to reduce 

false positive detections, the boundaries of the segmented artery are removed by a 

morphological erosion operator. 
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Figure 4-7: shows the results of using 3D top-hat morpho logical operator on the origi nal dataset. The len 

column shows the original dataset and the right column represents the results of top-hat operator. As the 

results show, the dark area inside the artery were enhanced and the dark boundary segmented artery is also 

extracted which can be removed by an erosion operator. 

Figurc 4-8 shows the results of applying of the three first detectors. Figure4-8a shows the 

original dataset with a PE and Figure4-8b represents the enlarged image of the small PE 

inside the artery which was missed by the first detector (Figure4-8c). Figure4-8d and 

Figure4-8e show the detection results used by the second and third PE detectors, 

respectively, and finall y Figure4-8f is a mask generated by a logical OR of three 

detectors. 
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(a) (b ) 

(c) (d) 

(e) (I) 

Figure 4-8: shows the results of PE detection by the fir t th ree detector . (a) The original data et with 

PE. (b) The enlarged picture of a small PE inside the pulmonary artery. (c) Detection re ult by the first 

detector which missed to detect the small PE and just detected the big one. (d) the mask resulted from the 

second PE detector. (e) The detection result using the top-hat morphologica l operator and (I) represents the 

mask generated by a logical OR of three PE detectors. 

4.2.4. Fourth PE Detector (Based on Perpendicular Plane on Centreline and 

Shape Index) 

The fourth PE detector uses shape analysis and is speciali zed for detecting an embolus 

connected to the vessel wall which may be missed by the previous detectors. The first 

three detectors search for a PE inside the segmented artery but in the segmentation 
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process, the regular shape of the artery is not completely extracted and emboli that are 

connected to the vessel wall can be missed (see Figure 4-9). In these cases we analyze the 

shape of the segmented artery and the shape of the lumen as a further feature of PE 

candidate detection . 

~
·I !"". _ .. ' . ., l -.~, .. " 

~ . ' ~~.~ 
" ! • • 

(a) (b) (e) 

Figure 4-9 (a) Original image of vesse l with PE (b) segmentati on result (c binary mask of segmentation 

has an irregular shape which results in the embolism being overlooked. 

The first shape feature based on the shape of the segmented artery, measures the 

eccentricity of the arterial cross-section. A healthy pulmonary at1ery has a circular cross

section perpendicular to the centreline of the pulmonary artery, but an embolus can result 

in this appearing non-circular. The non-circular shape of a cross-section of an artery can 

be found from the eccentricity of the shape. The eccentricity is a parameter which 

measures deviation of a conic section from being circular, and takes a value bctwecn I (a 

line segment) and 0 (a circle) . Cross-sections with an eccentri city less than 0. 5 are 

selected for further analysis. The convex hull points of non-circular cross-section are 

extracted and used to estimate a best-fitting ellipse. Subtracting the non-c ircular artery 

from the ellipse after thresholding (between -25 HU and 75 HU) will be selected as seed 

points for a region growing algorithm to connect P candidate voxels in 3 D CT images. 

Figure 4-10 shows the flow diagram of applying the fourth PE detector. 
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Figure 4-10 shows the now diagram of the fourth PE candidate detector algorithm. 

4.2.4.1. Centreline Extraction 

Skeletonization or centreline extraction is a process to produce a centra l spanning tree to 

represent the shape of an object in two or three dimensions [94] . In fact , a skeleton of an 

object is a concise representation of the shape of an object. In medica l imaging, the 

centrelines of tubular structures are applied in order to visualize and analyse tubular 

structures such as blood vessels, colon and airway structure (trachea and bronchi ). For a 

navigation path planning task, for example to control the movement of a virtual camera 

inside the human colon, an accurate skeleton of the colon can be very use ful [95], [96] . In 

order to make quantitative measurements such as length, vo lume and rad ius of a human 

organ, the skeleton of the organ can aid measurement [97]. 

]n the proposed CAD system, we extract the centreline of the segmented artery to find the 

radius of cross-section perpendicular to the centreline of the pulmonary artery to 

determine the circularity of the cross-section. Several algorithms have been proposed to 

extract the centreline or skeleton of an obj ect in 20 or 3D. In many skeletonizaton 

techniques, the centreline of an object is extracted by using a thinning algorithm in which 
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an object is eroded layer by layer until just a skeleton of the object is left [98]. With 

thinning algorithms, voxels or pixels are converted to background points while the 

geometry and the topology of object are not changed. In this method, first the object is 

segmented and then the skeleton of the mask (resulting from the segmentation process) is 

extracted. Since the thinning algorithm is grid-based it produces voxel precision results. 

To extract the skeleton of a segmented pulmonary artery, we used the method proposed in 

[99] which is a sub-voxel precision method to extract the skeleton of an object using the 

fast marching algorithm. Based on this method, in the first step, we segmented the 

pulmonary artery using a level set algorithm in which the result of the level set algorithm 

is a sub-voxel precision representation of the original data. The second step, to extract the 

centreline of the pulmonary artery, we used the fast marching algorithm to calculate a 

sub-voxel precision of the Euclidean distance field. In fact, in our algorithm the input data 

is a sub-voxel precision distance field and the result of skeletonization process is a 

smooth skeleton at sub-voxel precision. A voxel-precision algorithm cannot compute the 

skeleton of an object that is less than a single voxel thick, but a sub-voxel precision 

algorithm allows that to be computed. The sub-voxel precision skeleton is more accurate 

for measurement of an object such as volume or finding vessel cross section and also is a 

better starting point for virtual navigation [99]. 

4.2.4.2. Background 

In the variation minimum-cost path problem, a curve: 

C(t): [0,00) -+ IRn 

is found so that it minimizes the cumulative travel cost from a starting point M to another 

point X in IRn. If the cost H is a function just based on the location X in the given 

domain, then the minimum cumulative cost at X is defined as follows: 

T(X) = minCMX f; H( C(t) )dt (1) 

Where, CMX is the set of all curves which links point M to point X and T(X) is the 

minimum cost for travelling from point M to point X. The curve at which the integral is 

minimized is called the minimum path. In geometric optics it is shown that the solution of 

the equation (11) satisfies the Eikonal equation: 

IVT(X)IF(X) = 1 (2) 
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In the above equation, T(X) can be interpreted as the arrival time of a wave when it 

crosses the point X with speed F(X) which can be identified as: 

1 
F(X) =-

H(X) 
(3) 

If the cost function H gives a higher weight for medial points of an object than non

medial points then it can be shown that the minimum path between two medial points 

(voxels) is a curve skeleton. 

4.2.4.3. Skeleton Extraction Algorithm 

Figure 4-11 shows the diagram of the main steps of the sub-voxel precision skeleton 

extraction algorithm. In this algorithm, a sub-voxel precision distance field is as the input 

data to compute the point which has the largest distance from the boundary of the object 

(the point with global maximum distance) and to find the speed function as an input for 

the fast marching algorithm with a step size of unity. The fast marching algorithm is 

applied to compute the geodesic distance inside the object starting from the global 

maximum point of the distance field. We used the fast marching algorithm proposed in 

[100] which is Multi-stencil Fast Marching Method (MSFM) to calculate the shortest 

distance from a list of points to all other pixels in an image volume. This method gives 

more accurate distances by using second order derivatives and cross neighbours. The 

furthest point from the global maximum point of distance field is selected as a start point 

of the branch. The remaining points of the branch are then calculated by applying the 

following gradient descent back-tracking procedure on the fast marching time-crossing 

map: 

de VT -=--
dt IVTI 

C(O) = PI (4) 

where, C(t) is the centreline of object and PI is the furthest geodesic distance point from 

global maximum distance point to the object boundary. The gradient descent allows the 

tracking of the branch to be performed only along the local gradient of the time crossing 

map toward the global maximum point from object boundary [99]. 
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By repeating thi s process for each branch of the skeleton the centreline of object can be 

ex tracted. 
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Figure 4-11 shows the diagram of the main steps ofsub-voxel precision skeleton extraction algorithm. 

Figure4-1 2 shows the results of the centreline extraction algorithm on ori ginal medical 

images and some synthetic images. 
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Figure 4-12 shows centreline extraction results by the proposed a lgorithm. (a) Centreline extracted for 

small section of the femoral artery . (b) Tibial artery and (c) the centre line extracted from the major 

pulmonary artery in the heart region . 

4.2.4.4. Orthogonal Plane Extraction 

The analysis of the oblique planes, especially planes perpendicular to the centreline of a 

vessel is more likely to improve the performance of the automatic detection of a disease. 

All CT scanners which produce computed tomographic pulmonary angiography (CTPA) 
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images provide axial images. So in order to improve the detection rate of pulmonary 

embolisms, the digital plane orthogonal to the major pulmonary artery is extracted and 

then is analyzed. 

Definition 1: (Digital Straight Line) 

A digital straight line is a subset of Z2 described by the following equation: 

L(a,b,y,p) = {(x,y) E Z2 1 y:5 ax + by < y + p} (5) 

where, all parameters are integers, y is the affine offset of the line, p is the arithmetic 

thickness and (a, b) shows the direction of the digital line. 

By letting p = max{lal, Ibl}, an interesting subset of the digital line which is called a 

naive digital line is extracted. 

L(a, b, y) = {(x,y) E Z21 y:5 ax + by < y + max{lal,lbl}} (6) 

One of the most important properties of a naive digital line is strict 8-connectivity [119]. 

Definition2: (Digital Plane) 

A digital plane is a subset of Z3 described by the following equation: 

pea, b, C, Y,P) = {(x,y,z) E Z3 1 y < ax + by + cz < y + p} (7) 

where, all parameters are integers, y is the affine offset of the plane, (a, b, c) is the 

nonnal direction of the plane and p is the arithmetic thickness which controls the 

thickness of the plane [136]. 

• p < max{lal, Ibl, leI} : The plane has 6-holes. 

• p = max{lal, Ibl, leI} : The plane is strictly 18-connected. 

• p = I a I + I b I + I C I : The plane is strictly 6-connected. 

• p > lal + Ibl + lei : The plane is thick. 

The naive digital planes which have a digital I8-connected counterpart and have no holes 

for 6-connectivity defined by an equation of the fonn: 
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pea, b, c, y) = {(x,y, z) E ~3 1 y::; ax + by + cz < y + max(lal, Ibl, Icl}} (8) 

The perpendicular plane to be extracted is identified by a point in the input data 

(centre line points of the pulmonary artery constitute the input data) and a normal vector. 

The point M (ox, oy, oz )i s considered as a point fro m the maj or pulmonary artery 

centreline and N(a, b, c) is the normal vector which is the first deri va ti ve of the centreline 

points at the point M(ox, oy, oz) . The first deri vati ve o f the centreline points represents 

the local orientation of the pulmonary artery. T he paramete rs a, b and e determine on 

which face to project the perpendicular plane. For example, if a = max{lal, Ibl, leI} then 

the perpendicular plane will be projected onto face (O,y,z) , on face (O,x,z) if b = 
max{lal, Ibl, leI} and onto face (0 , x, y) if e = max {lal, Ibl, lell Figure 4- 13 shows the 

result of perpendicular plane on centre line extraction. 
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Figure4-13: Perpendicular plane extraction result on centreline ofa small section of femoral artery. 

The eccentricities of projected planes are computed and those whose eccentricity is less 

than 0.5 are selected as positions of potential P Es. The convex hull points o f the non-
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circular object are extracted (Figure4-14a) to estimate a best-fitting ellipse (Figure4-14b). 

Subtracting the non-circular artery from the ellipse after thresholding will give seed 

points for the region growing algorithm to detect PE candidate voxels in 3D CT images 

(Figure 4-14c). 

(a) (b) (c) 

Figure 4-14 Shape analysis of the segmented artery, (a) convex hull point identified on the vessel 

boundary; (b) the fitted ellipse; (c) the subtraction of non-circular shape from the filled ellipse shape. 

The second feature, based on the 3D shape of the lumen, utilizes the isophote curvature 

components (maximum and minimum curvatures) to express the local shape of a surface 

through points of equal intensity. In order to encode the curvature information of the 

surface two continuous measures or parameters will be used: a shape index, SI , and a 

curvedness C. These two parameters are applied to quantify and qualify local 3D shape. 

By using these two measures the shape of the lumen is analyzed to detect the potential 

PE. 

Shape Index: The shape index is an angular measure for describing the local surface 

topology in terms of maximum and minimum curvatures (principal curvatures). The 

shape index developed by Koenderink and Doorn [60] at a point of a surface is defined 

as: 

(9) 
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where Kl and K2 are the two principal curvatures which can be calculated as follows 

[61 ]: 

(10) 

K2 = H - "'H Z - K 

where Hand K are the Mean and Gaussian curvatures. Every distinct shape has a unique 

shape index value, except a planar shape (Kl = Kz = 0 on the planar shape). 

The range of the shape index is between -1 and I . A shape index of I belongs to those 

convex surface points which have equal principal curvatures, while the shape index of 

concave surface points with equal principal curvatures are identified by -1 . The shape 

index measure of 0 is for those surface points (saddle surface points) whose principal 

curvatures are equal magnitude but with opposite sign. Valley-like surface points have a 

shape index value of -0.5 and ridge-like surface points have a shape index of 0.5. Table 

4.1 shows the different bounds for different classes of surface points. 

Table 4-1 Shape index of different surface points 

Surface Points Type of Region Shape Index Bounds 

Dome Elliptic [0.625, 1) 

Ridge Parabolic [0.375, 0.625) 

Saddle Ridge Hyperbolic (0.125. OJ 75) 

Plane Hyperbolic Undefined 

Saddle Point Hyperbolic [-0.125. 0.125) 

Saddle Rut Hyperbolic [-0.375, -0.125) 

Rut Parabolic [-0.625. -0.375) 

Cup Elliptic [-0.625. -1) 

The shape of the lumen surface in a healthy artery (a tubular section) is ridge-shaped 

(convex in one direction and straight in the orthogonal direction) or saddle-shaped on a 

bifurcation (convex in one direction and concave in the other direction). The shape of the 
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surface of an artery with a PE is like a valley (concave in both directions) (Figure4-15). 

The isophote curvature components are used to distinguish the valley-shaped surface of 

the lumen which could be candidates for PE location [34]. 

(a) (b) (c) (d) (c) 

Figure 4-15 Shape index of lumen of segmented artery can be used to describe the local shape of the 

lumen. (a) the cup shape (-I for shape index). (b) Ridge shape for healthy vesse ls (-0.5 for shape index). (c) 

Saddle shape, which is convex in one direction and concave in the other direction for bifurcation in ves els 

(0 for shape index). (d) ridge shape for healthy vessels (0.5 for shape index). (e). ap shape (I for shape 

index). 

Curvcdncss: The curved ness of a point of a surface shows how gently or highly curved 

a surface can be and is estimated as: 

~ C=~~ (11 ) 

The curvedness is applied to encode the scale differences between objects with the same 

shapes (e.g. distinguishing between a cricket ball and a soccer ball). A shape index of 

less than -0.625 is related to points which belong to concave surfaces and a curved ness of 

more than 0.1 eliminates points associated with flat surfaces. 

4.2.5. Fifth PE Detcctor (Path Tracking) 

In the peripheral arteries of patients with PEs, the blockage can be so large that the artery 

appears un-connected from the rest of the vessel network. So in the peripheral artery 

segmentation step, before applying the region growing algorithm, a tracking algori thm 

was used to re-connect the peripheral artery to the unconnected artery. This tracking 

algorithm, which was inspired by the algorithm in [120] , [121] is based on three steps: 
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first segmentation of the peripheral artery (collecting voxe ls with CT number for the 

pulmonary artery), second the segmentation of the unconnected artery caused by PE 

(collecting voxels with CT number for an embolus) and applying an O R operation to 

connect the segmentation artery and the dilated unconnected artery. These paths which 

connect the unconnected vessels can also be considered as a potenti al PEs. 

Figure4-16 shows the steps of the tracking algorithm. Figure4-16a shows a branch of the 

peripheral artery with a blockage. This blockage crcated a gap bctween the rest of the 

branch and the major branch (F igure4-16b). The second step of the algorithm collects the 

voxels (the voxels with CT value more than -1 50 HU and less than 100 HU) that creates 

the gap between the vessels (Figure4-1 6c). These voxels (paths) are selected as 

pulmonary emboli sm candidates . Figure4-1 6d shows the final step of the tracking 

algorithm in which the vessel is completely extracted using an OR operator. 

(a) (b) 

(e) (d) 

Figure 4-16 shows different steps o f track ing algorithm to find potentia l PE. (a) A branch of pu lmonary 

artery with a blockage. (b) The initial segmentation result showing the gap between the res t of the branch 

and the maj or artery. (c) The path between two unconnected vesse ls which is considered as a potential PE. 

(d) The completed artery extracted by OR operator. 
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4.3. False Positive Reduction 

4.3.1. Introduction 

The output of the five detectors may contain many false positives due to a variety of 

effects: the partial volume effect on the vesse l boundary, soft ti ssue such as lymphoid 

tissue surrounding vessels, noise and motion artifacts. By analyzing the connected 

components of candidate voxels (26-neighbor connecti vity or 3 x 3 x 3 - lconnectivity 

is chosen aiming to achieve a small number of false detection), the sensitivity of the 

detection will be improved. To reduce the partial volume effect, voxels on the segmented 

artery wall are removed according to the radius of the artery, noting that the thickness of 

the major artery is greater than in the peripheral artery. The other feature c1assi fication 

decision for each PE candidate is based on the size of grouped voxels [25] . Size is used to 

reject small dark regions associated with noise. 

Soft tissue between the bronchial wall and the pulmonary artery is one of the most 

significant causes of a high false detection rate in most CAD systems (Figure 4- 17). By 

reviewing the proposed system, it showed that the most common type of false positive 

detection (one third of all false positive detections) is the soft tissue type (see Table 5- 1). 

]n order to reduce the number of false positive detections caused by soft ti ssue, we 

propose a new feature based on location. The location of soft ti ssue is anatomica lly 

between the pulmonary artery and the bronchial wall. So by tracking the airway system 

(trachea and bronchus branch) the false positives caused by soft ti ssue can be reduced. 

We first segment automatically the airway system and then using a morphological 

dilation operator a mask is created to filter the image containing connected components 

(PE candidates) that might be attributed to soft ti ssue. 

Figure 4-17 shows the soft ti ssue between the pulmonary artery and the bronchial wall which has the 

same intensity as the PE. 
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4.3.2. False Positive Reduction Caused by Partial Volume 

In medical imagery, if a single object is present in a voxel then that object will be 

identified by an intensity value but if more than one object type is present in the voxel 

then the intensity will be the combination of the contributions of the different objects. 

This is called the partial volume effect (PYE) in medical imaging. In fact , partial volume 

effect arises when a single voxel represents more than one object types. 

In pulmonary CT angiography images, the pulmonary arteries are bright, surrounded by a 

dark object in the lung region (lung parenchyma). Therefore, because of the point spread 

function (PSF) and the partial volume effect, the boundary of the pulmonary al1ery 

consists of voxels whose gray levels are equal to the gray level of an embolus. So these 

voxels are collected by the PE detectors as a PE candidate, which rai ses the false positive 

detection rate. Figure 4-18 shows the results of applying the first PE detector to a T 

image containing a PE. It can be seen that the voxels on the boundary of the pulmonary 

artery are detected as PE candidates due to the partial volume effect (Figure4-18b). 

(a) (b) 

Figure 4-18 shows fal se positive detection caused by the partial volume effect. (a) A 20 CT image with 

PE. (b) The result of the first PE detector which collected the boundary voxels as a PE candidate. 

In order to remove false positive detections caused by the partial volume effect, voxels on 

the vessel wall are removed by a morphological operator. The thickness of removal wall 

depends on the radius of the pulmonary artery, noting that the thickness of the major 

artery is greater than in the peripheral artery. 
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4.3.3. False Positive Reduction Based on the Volume Size of Candidate 

A PE candidate is a collection or a group of connected voxels in terms of 26-connectivity. 

So the volume size of the candidate can be considered as a feature to reduce the false 

positive detection rate. The small flow void and noise create the small dark region in the 

search area which can be detected as a PE. Therefore, if the volume size of the PE 

candidate is small enough then that candidate is presumed created by noise or small flow 

void. Consequently, the volume size of the PE candidate can be used for reducing the 

false positive detection rate. However, this feature cannot distinguish between a true PE 

and a large false positive detection. 

Another feature that uses the size of connected voxels is the effective length, which is the 

summation of width, height and depth of the smallest box bounding the voxel group. This 

feature is used to adjust the sensitivity of detection and eliminates further false positives. 

4.3.4. False Positive Reduction Caused by Soft Tissue 

The highest false positive rate reported in most developed CAD systems was attributed to 

soft tissue, such as lymphoid tissue, which surrounds the pulmonary vessel in the lung 

region. In the pulmonary artery segmentation process, removing the soft tissue is a 

challenging task due to these regions having a CT value very close to that of a pulmonary 

embolism. Moreover, in some cases because of other disease, abnormality develops in the 

lymphoid tissues and hence more false positives can be detected. So it is desirable and 

reasonable to consider a new feature to discriminate the false positives caused by soft 

tissues outside the pulmonary artery and the real PE inside the artery, a consideration that 

has been ignored in some proposed CAD systems. 

Since soft tissue is anatomically located between the pulmonary artery and bronchial wall 

in the lung region (Figure4-19), by tracking the airway system (trachea and bronchus 

branch) the false positives caused by soft tissue can be reduced. The airway system is first 

segmented and then with a mathematical morphology dilation operator a mask is created 

to filter the image containing connected components (PE candidates). 
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(a) (b) 

Figure 4-19 : shows false positive detection caused by soft tissue between the pulmonary artery and the 

major branch of airway system. (a) A 2D CT image. (b) False positive detection. 

Segmentation of airway system 

The segmentation of the human airway, which includes the hierarchical tubular structure 

that leads the air into the lungs, namely the trachea and the bronchi tree, plays an 

important role for many clinical applications and for physiological studies in medical 

imaging. Some diseases that can affect lung function are emphysema, bronchiectasis, 

pulmonary embolism and pneumonia. Some of these diseases can be diagnosed by 

analysing and measuring the thickness of the airway wall, analysing the diameters of 

airways and determining the rate of trapping of the bronchus. The airways structure is 

segmented and traced in order to reduce the false positive detection rate caused by soft 

tissue. 

Segmentation of airways can be a challenging task. It can be segmented manually by an 

image analyst or by a qualified and experienced radiologist, but manual segmentation is 

time consuming and tedious and can take several hours to analyse [107]. A CT data set 

for analysing the chest disease with slice thickness less than I mm, contains more than 

300 slices, so manual segmentation is an impractical task. Several methods have been 

proposed to segment the airways. Many algorithms use gray level morphological 

operators [101], [102] or apply the front wave propagation algorithm [103] , [104] . 

But most of proposed algorithms use a region growing algorithm to separate the air and 

tissue voxels based on a HU (Hounsfield Unit) threshold [105], [106]. Since the region 

growing algorithm is fast and it does not need prior knowledge of the size and shape of 

the airway so we use an automatic region growing algorithm to extract airways in CT A 
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images. In this algorithm the airway is segmented using the region growing algorithm, 

starting from a seed point which is automatically selected from the top slices by searching 

for a circle connected component close to the middles of the slices. 

To find seed points a 20 connected component labelling is used at the top slices after 

thresholding, based on the CT number for pure air (-1000 HU). Shape and size properties 

of extracted components (objects) are measured such as eccentricity, area and solidity. 

The criterion of the growing in the proposed algorithm is the similarity of voxels values 

in which the voxels with CT number between -900 HU and -1100 HU are collected as the 

airway region. Figure 4-20 shows segmentation results of several different 3D binary 

images of the airway system. 

Figure 4-20: shows the results of airway system segmentation algorithms for 3 difTerent data els. 

The segmented airway is then selected to create a filter for reducing the false positive 

detection rate. Figure 4-21 shows the result of applying this filter and removing the false 

positive detection caused by soft tissue between the pulmonary artery and airway system. 

(a) (b) (c) 

Figure 4-21: shows removal of false positive detection cau ed by soft tissue. (a) An original 20 CT 

image with real PE. (b) The result of PE detector in which the both real p ; and soft tissue werc dctected as 

PE candidates. (c) The result of applying the proposed filter which removed false positive detections caused 

by soft tissue. 
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4.4. Summary 

In this chapter two major components of the proposed CAD system (PE segmentation and 

false positive removal) have been demonstrated. Five different detectors have been 

developed to detect PE candidates inside the segmented pulmonary artery. These 

detectors respond to different properties of PEs and are based on intensity, geometrical 

analysis, top-hat transform, detecting the disconnected part of the artery, and based on 

perpendicular plane of the centreline extraction of segmented artery and ellipse fitting. 

The first three detectors were implemented inside the segmented artery while the other 

two detectors have been used to search for PEs outside the segmented artery. 

Due to a variety of effects such as the partial volume effect on the vessel boundary, soft 

tissue such as lymphoid tissue surrounding vessels, noise and motion artefacts, the 

proposed system produced many false detections. To improve the sensitivity of the 

system, many features have been applied to reduce the false detection rate. 

False detection, caused by the partial volume effect, has been reduced by removing the 

voxels on the vessel wall with a morphological operator. The size of the PE candidate 

was considered in order to remove false detection caused by noise. A new feature based 

on location has been developed to remove false detections caused by soft tissue. Soft 

tissue is located between the pulmonary artery and the airway system, so by tracking and 

segmenting the airway system this kind of false detection has been removed. 

False detection caused by flow voids in veins is the most important cause for raising the 

false detection rate in most previous CAD systems. So by separating the pulmonary artery 

from the veins, the rate of false positive detection was considerably reduced. In fact, 

reducing the search area was the first factor or feature to reduce the false detection rate. 
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5. EXPRIMENTAL 

RESULTS AND 

DISCUSSION 

In this chapter, the perfonnance of the CAD system is evaluated and we demonstrate the 

effectiveness of the proposed CAD system by perfonning it on CT A images. As 

discussed in previous chapters the proposed CAD system consists of three major 

components which are: 

• Pulmonary artery segmentation. 

• Pulmonary embolism candidate detection. 

• Removal of false positives. 

In the pulmonary artery segmentation stage, some pre-processing has first been 

implemented such as lung and heart segmentation: to reduce the search area, feature map 

filter extraction is used to remove the connectivity between the pulmonary artery and 

other organs and applying the diffusion filter in order to smooth homogeneous regions 

and preserve the edges or locations of boundaries. Then the pulmonary artery was 

extracted in two stages in the lung and heart region. In pulmonary artery segmentation, all 

processes have been implemented automatically and all thresholds were selected 

optimally. In this chapter all these processes and selections of parameters are validated. 
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For pulmonary embolism candidate detection and removal of false positive detection 

steps, five different PE detectors were applied to detect PE candidates and some features 

have been used to remove false detections. These features are based on size, intensity, 

location and analysis of the shape of the lumen. In this chapter, in the second section all 

these features are analyzed and validated to show how the amount of information will be 

contained for PE classification. The sensitivities and specificities of major features are 

measured and the FROC (detailed on page 125) curve is plotted to evaluate the 

performance of features and compare whole CAD systems. 

This chapter is organized as follows. First we provide a detailed description of the CT 

data used for validating the major component of the pulmonary artery segmentation 

algorithm, pulmonary embolism candidate detection and removal of false detection 

processes and then the major component of the CAD system will be evaluated. The 

validation of these processes has been carried out by a qualified radiologist from 

Lausanne hospital. 

5.1. CT Data for Validation 

The PE CAD system has been validated on a clinical dataset of 55 CT A scans with an 

average of 220 slices per scan (involving a total of 12100 CT slices). 20 CT A scans 

(containing 97 emboli) data have been used as training datasets for parameter selection 

and 35 more CT A scans containing 195 emboli have been used for testing. The scan data 

collected from Lausanne University are sampled from the top of the aortic arc to the 

diaphragm into on average 220 slices of 512 x 512 with a spatial resolution of 0.62 mm 

and a slice thickness of 1.25 mm. Based on the CT image acquisition protocol the voltage 

of the X-ray tube ranged from 120kV to 140kV and the mean current of the tube varied 

from 241mA to 350mA.The number and location of PE's were marked by a qualified 

radiologist. The radiologist marked the centre of each PE resulting in a total of 176 PE, 

68% of which were located in the peripheral arterial network (Segmental and Sub

Segmental) and 32% in the main pulmonary artery (Main and Lobar). Figure 5-1 shows 

more details of the occurrences of pulmonary embolism in all pulmonary artery types. 
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Figure 5-1 shows the occurrence of blockage in different part f the pulmonary artery ( I· Main artery, 

2-Lobar, 3-Segmental artery, 4- lib· egmental artery). 

5.2. Validation of Pulmonary Artery egmcntation 

As discussed in section 3.3 many steps were implemented to segment the pulmonary 

artery. In thi s section we only validate and eva luate the major components which were 

applied to extract the pulmonary artery. The rnajor c mponent are the lung and heart 

segmentation processes the process of remo ing thc connectivity by a featur map and 

finally the level set algorithm implemented to xtract the major art r , and the p riph ral 

arteries. 
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5.2.l. Lung Segmentation 

The lung segmentation process was implemented as a crucial pre-processing step prior to 

segmentation of the pulmonary artery tree in order to reduce the search area. In the 

proposed CAD system, the lung region was segmented in three steps. In the first step, the 

initial lung region was extracted using the gray level thresholding method using an 

optimized threshold. Figure 5.2 shows how the optimized threshold varies in different 

datasets (20 different training dataset). The figure shows that minimum and maximum 

thresholds were in the range -748HU and -615 HU respectively (Section 3.3.2). 
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Figure 5-2 shows the graph of optimized threshold for 20 different datasets 

In the second step, the left and right lungs were separated by identifying anterior and 

posterior junctions. Before the separation of the left and right lung, the trachea was 

extracted for quantitative analysis of lung tissue and facilitates left and right lung 

separation. The trachea was segmented using an up-to-down 3D region growing 

algorithm, starting from a seed point which is automatically selected in the top slices by 

searching for a connected circle shape close to the centre of the image (refer to section 

3.3.2.1). The result of seed point selection on 20 training datasets showed that the seed 

points were correctly selected on all 20 datasets (l 00% sensitivity). 
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Figure 5-3 shows the 16 different slices of manually segmented and annotated results and 

the results of segmentation obtained by the CAD system for scan data. 

As the only information available is boundaries outlined by an expert radiologist, the 

results of lung segmentation algorithm (computer-based) can be evaluated against the 

results of manually segmentation by radiologist using the method proposed in [130]. To 

assess the accuracy of segmentation, first the minimum distance between the computer

based border and manually computed border was calculated. For each pixel in the 

computer-based segmentation result, the minimum distance to the border of manual 

segmentation results was computed as: 

(1) 

where,(x~, yn is the position of a pixel in the computer-based border and (xr, yr) 

pixel position of manually detected borders [130]. Then statistics were derived in order to 

find whether the computer-based segmentation results agree with manually-based 

segmentation results. For each computer-based border the mean, RMS (Root Mean 

Square) and the maximum distance to the boundary of the manually-based segmentation 

result were calculated by the following formulas: 

d - rkdk 
Mean - L (2) 

(3) 

(4) 

where L is the number of boundary points of the computer-based border. The border pixel 

accuracy assessed for 200 randomly selected slices and their mean, RMS and maximum 

distance were calculated. Figure 5-4 shows the comparison between computer-based 

segmentation results and manually defined results before and after smoothing. The results 

show that the smoothing step improves the accuracy of segmentation. 
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(a) 

(b) 

Figure 5-3: (a) Shows the lung region annotated by a radiologist and (b) shows the segmentation result 

by the proposed CAD system 
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Figure 5-4 shows the accuracy of boundary position when it is assessed by u ing the distance measures 

defined from (2)-(4). Figures include mean, RMS, and maximum distance averaged over boundary points 

of computer-based segmentation results before and after smoothing. 

5.2.2. Removal of the Connectivity (Feature Map) 

For most previous pulmonary artery segmentation algorithms, the segmentation process 

fails due to connectivity between the pulmonary artery and the other organs. So a pre

processing was applied to remove the connectivity (feature map). This pre-processing 

utilized the second derivatives of the Hessian matrix of multi-scaled data. The raw data 

was scaled with Gaussian filters using cr = [2.5,3,3.5] (described in more detail in 

section 3.3.4). These scales were experimentally selected based on the size of the 

pulmonary artery. Figure 5-5 shows the result of applying the feature map in different 

slices of a scan data. The right colwnn shows the removal of connectivity (arrowed in 

middle column) between the pulmonary artery and other organs. The result of applying 

the feature map on training data set showed good results to remove the connectivity. The 

filter removed the connectivity in 17 out of the 20 training scan datasets and failed in 3 of 

the datasets (Figure5-6b). Therefore, a mathematical morphology erosion operator (a disk 

structure element of radius 2mm) was applied to ensure complete removal of the 

connectivity (Figure5-6c). Figure 5-6 (This is the same picture described in 3.3.6.1) 
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shows the removal of connectivity between the ri ght pulmonary artery and superior vena 

cava in which the feature map filter failed to remove the connectivity but the 

mathematical morphology erosion operator removed it. 

Applying only the morphology erosion operator to remove connectivity would need a 

much larger structure element (a disk structure element of radius 10 mm). The result of 

using a large structure element would be to reduce the size of large arteries and remove 

arteries with small size. 
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Figure 5-5 shows the results of applying feature maps on T A images for removing the connecti vi ty 

(arrowed) between the pulmonary artery and other connected organs. 
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(a ) (b ) (c) 

Figure 5-6 shows the removal of connectivity between the ri ght artery and superior vena cava using the 

proposed feature map and an eros ion operator: (a) connecti vity between superior vena cava and ri ght artery 

(arrowed) ; (b) shows the failure of applying feature map to remove the connecti vity ; (c) completed removal 

of connectivity after erosion . 

5.2.3. Validation of Pulmonary Artery Segmentation Algorithm 

As discussed in section 3.3.6, the major artery was extracted using a new customized 

level set algorithm using an initial surface which was automaticall y selected inside the 

pulmonary artery. To find the initial surface, a set of seed points was automatica lly 

selected inside the pulmonary artery to initiate the region growing algorithm. This seed 

region was selected by searching the biggest 20 component in the heart region . The result 

of region growing, which groups voxels with intensity values greate r than the optimized 

threshold, was used as the initial contour for the level set a lgorithm . In the initia l contour 

selection step, two options were selected automatically: I) an optimized threshold , 2) a 

set of seed points. 

The optimized threshold was selected automatically by analyzing a local hi stogram of the 

heart region. In the heart region there are two main vessel groups: 1) the pulmonary 

artery, superior vena cava, right atrium and ventricle which have the hi ghest CT value, 

and 2) the left atrium and ventricle, aorta and pulmonary vein which have a lower average 

CT value than the pulmonary artery. The histogram of the heart region consists of two 

max imum peaks which belong to two main groups in the heart region (Figure 5-7). For 

each dataset the minimum point between two max imum peak points was selected as an 

optimized threshold. Figure 5-8 shows the graph of optimized threshold selected for 20 

different training datasets. The figure shows that optimized threshold for initial PA 

segmentation varies between two thresholds Tl = 92 HU and T2 = 193 HU 
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Figure 5-7 shows the intensity distribution for the heart region 
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Figure 5-8 shows the graph of optimized thresholds for different datasets (20 training datasets) . Figure 

shows that optimized threshold for initial PA segmentation can be a CT value between two thresholds 

Tl = 92 HU and Tz = 193 HU 

The performance of the seed region selection algorithm was estimated on the training 

dataset. The seed points were selected by searching for the largest 20 connected 
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component in the heart region after applying the 20 connected component labelling 

algorithm. In 3 out of 20 training datasets, the seed point selection algorithm failed and 

selected the aortic arc as a seed point (Figure 5-9) due to the search area that was selected 

being the whole slice of the dataset. Since the pulmonary artery is anatomically located 

between the aortic arc and right ventricle (in the dataset sampled from the top of aortic 

arc to the diaphragm) so the search area was restricted. The search area was selected as 

the middle slice of each data scan plus 30 more slices either side of the middle slice. By 

restricting the search area, the results of seed region selection in more datasets (35 testing 

datasets) showed that all seed regions were correctly selected in the heart region. 

Figure 5-9 shows the failure of seed point selection to segment the initial pulmonary artery in the heart 

region in which the aortic arc was selected as a seed region . (a) First row shows the original different 

dataset. (b) Second row shows the binary masks of aortic arc. 

After seed point selection, a region growing algorithm starting from the selected seed 

region was applied to extract the initial segmentation for the major pulmonary artery in 

the heart region. Figure 5-10 shows that the initial segmentation result cannot be 

considered as a perfect result for the pulmonary artery segmentation task. So the result of 

the region growing algorithm was taken as the initial contour for a 3D level set algorithm 

to push the boundary of the initial contour toward the boundary of the pulmonary artery. 
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Figure 5-10: shows the initial segmentation results for different original datasets. First row shows 3 

different slices of 3 different original datasets while the second row represents the initial segmentation of 

the pulmonary artery. The results cannot be considered as perfect results so the initial results arc enhanced 

by a 3D level set algorithm. 

Figure 5-11 shows the 2D result of using the 3D level set algorithm for segmenting the 

pulmonary artery. In spite of the fact that the pulmonary artery is connected with other 

organs such as the superior vena cava, the segmentation results (second row) show the 

separation of the pulmonary artery from the adjacent connected object (first row) . 

Figure 5-11: shows the segmentation results of the pulmonary artery in heart region . First rows shows 

the 3 different slices of 3 different scan data in which the pulmonary artery is connected to superior vena 

cava while the second row shows the results for the major artery using a 3D level set algorithm without 

leaking into the adjacent connected object. 
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In segmenting the peripheral artery, the vascular shape was first enhanced using a Frangi 

filter and then a region growing algorithm collected voxels with intensities greater than -

150 HU in the lung region (Section 3.3.7). 

The accuracy of pulmonary artery segmentation results was assessed by comparing the 

result obtained from the proposed CAD system with the segmentation results that were 

manually obtained by a qualified radiologist. To assess the accuracy of segmentation, 220 

different slices of the 20 training datasets were randomly selected and the boundaries of 

arteries were annotated by the radiologist. Figure 5-12 shows samples of different slices 

of the training data which have been annotated by the radiologist (Figure 5- 12a) and 

segmented by the proposed CAD system using the leve l set algorithm (Figure 5-12b) in 

the heart region. The minimum di stance between the computer-based border and the 

manually computed (annotated) border was calculated from (I). The border position 

accuracy was evaluated by calculating the mean, RMS and maximum di stance betw en 

the computer-based borders and manually defined borders from (2)-(4). 

(a) 
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(b) 

Figure 5-12: (a) Shows the pulmonary artery region an notated by a radiologist and (b) h w the PA 
segmentation result by the proposed CAD system 

FigureS-13 shows the comparison between computer-based segmentation results and 

manually defined results. The figure shows the mean of RMS, mean and maximum 

distance for 220 different slices. The greatest difference between the computer-based 

border and the manually traced based borders is related to slices in which the AD 

system cannot completely extract the pulmonary artery due to the ex istence of a PE close 

to the pulmonary artery wall (Figure5-1 4). 
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Figure 5-13 shows the boundary position accuracy between computer-ba ed borders and manuall y-based 

borders. 

(a) (b) 

(c) (d) 

Figure 5-14 shows a case in which maximum distance may happen between the computer-based borders 

and manually defined borders due to the existence of a PE close to vessel wall. (a) Original CTA image. (b) 

Annotated or Manual segmentation result by a radiologist. (c) Computer based segmentation result. (d) The 

green area is intersection between computer based segmentation result and manually based result (True 

positive), red area fal se positive segmentation result and the blue area is false negative area (area mi sed by 

CAD system). 
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To validate the artery segmentation result, the computer based segmentation results are 

also evaluated using quantitative comparison based on two different criteria: 1) Spati al 

overlap or Dice coefficient (TJ) and 2) Jaccard similarity index (1) [1 32], [1 37]. 

In order to calculate these two criteria: first the true positive area (TP), which is a group 

of common pixels in the computer based and manually based segmentation results 

(Figure 5-15 green area), the false negative (FN) area, which is an area that was missed 

by the CAD system (Figure 5-15 blue area), and the false positive (FP) area (Figure 5-15 

red area) are computed and then the spatial overlap (TJ) and the Jaccard similarity index(J) 

are calculated as follows: 

J = 1M nCI 
IMUCI 

O ~ J ~l 

(5) 

(6) 

where, LM * 0 and Lc * 0 are the numbers of pixels for manuall y based and computer 

based segmented result , M and C are two sets of manual and computer based 

segmentation results respectively and IXI denotes the area of X. In the case of rJ , J = 0, 

there is no overlap between manual and computer based segmentation results and there is 

a complete overlap between two sets when rJ ,J = I. 

Figure 5-15 shows an original image (left) and the right image shows the comparison between computer 

based pulmonary artery segmentation and manually based segmentation (expert segmentation). Green 

colour pixels represent the spatial intersection. Red colour represents fal se positives (FPs) and blue colour 

shows false negatives (FNs). 
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The spatial overlap and the Jaccard similarity index of 220 different slices of 20 training 

scan data were calculated. Table 5-1 shows the comparison between the spatial overl ap 

and the Jaccard similarity index. The results show that there is no significant difference 

between the spatial overlap and the Jaccard similarity index for 20 training scan data. 

The mean and standard deviation of the spatial overlap between the manual based and 

computer based segmentation were found to be 0.9861 and 0.0041 respectively and the 

mean and standard deviation of Jaccard similarity index were found as 0.9728 and 0.0082 

respectively. As Zijdenbos et al [137] showed a good overlap occurs when T] >0.700 so 

the mean of spatial overlap of 0.9861 in the work of the thesis shows an excellent overlap 

between manual and computer based segmentation result. 

Table 5-1 shows the comparison between the spatial overlap and the Jaccard similarity index (M-Il: 
Manual based, C-B: computer based, FN: False negative, FP: False positive, TP: True positive, 11: patial 
overlap, J: Jaccard similarity index) 

Data l\1-B C-B ~ FP TP 'I J 

1 45734 44938 859 63 44875 0.9898 0.9798 
2 36951 35857 1146 52 35805 0.9835 0.9676 
3 39037 38373 696 32 38341 .0.9905 0.9813 
4 27893 27349 580 36 27313 .0.9888 0.9779 
5 43028 42042 1033 47 41995 .0.9873 .0.9749 
6 25312 25983 36 7.07 25276 0.9855 .0.9714 
7 33972 33571 42.0 19 33552 0.9935 0.9870 
8 4.0634 39041 1667 74 38967 .0.9781 0.9572 
9 29453 28916 573 36 28880 .0.9895 0.9793 
10 41937 40725 1276 64 40661 .0.9837 0.968.0 
11 32663 33498 102 937 32561 0.9842 0.9690 
12 43924 42180 1827 83 42097 .0.9778 .0.9565 
13 50295 49022 1387 114 48.908 0.9848 0.9702 
14 36096 35399 754 57 35342 0.9886 0.9775 
15 29936 29241 762 67 29174 0.9859 0.9'723 
16 43193 41828 1470 105 41723 0.9814 0.9636 
17 28391 27544 896 49 27495 0.9831 0.9667 
18 41937 41219 8.31 113 411.06 0.9886 0.9775 
19 46028 45052 1.038 62 44990 0.9879 0.9761 
20 28868 29207 M 423 287M 0.9912 0.9826 
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As discussed in the literature review section (Chapter 3), most previous attempts to 

segment the pulmonary artery can be categorized into region growing methods, 

enhancing the vessels with Hessian matrix and fuzzy connectivity methods. In all 

previous methods, the seed point for the segmentation algorithm was manually selected 

while the proposed method automatically finds the seed points and allows the algorithm 

to be included in a fully automatic pulmonary embolism detection system. 

Moreover, in most previous proposed methods, the segmentation algorithm sometimes 

fails as a consequence of merging the pulmonary artery with adjacent tissue caused by 

acquisition resolution, partial volume effect and noise [133]. But the proposed algorithm 

applies the feature map filter to remove the connectivity between the pulmonary artery 

and any other tissues. So, taking into account all the above issues, the proposed algorithm 

shows encouraging results by tackling all these issues. 

5.3. Validation of Pulmonary Embolism Detection Algorithm 

In this section we provide a validation and evaluation of major components which have 

been applied to detect pulmonary embolism candidates and to reduce the false detection 

rate. In this section by using the concept of sensitivity and specificity and also by plotting 

the FROC curve, we evaluate the performance of each feature applied to reduce the false 

detection rate. 

5.3.1. Sensitivity and Specificity Measurement 

Sensitivity and specificity are two main measures for identifying those people who have 

or do not have a specific disease in a screening test for a disease. The sensitivity is a 

measure of the ability for identifying those who have the disease while the specificity is 

an ability to correctly identify people who do not have a specific disease. 

In other words, the sensitivity is defined as the probability that a person has the disease 

when shelhe does actually have it and the specificity is defined as the probability that a 

person does not have the disease when shelhe is disease free. If we display the test results 

and the true status of the person who is being tested as the following table: 
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Test Results(f) 

Posith'e( +) Negath'e(-) 

Disease(+) TP FN 
True Status (S) 

No Disease (-) FP TN 

then, the sensitivity and specificity are defined as follows: 

Sensitivity = P(T+ I S+) = TpT:FN (7) 

Specificity = P(T-I S-) = T::FP (8) 

where, FP (false positive) occurs when the result of test for a person is positive while the 

person is free of disease and the rate of false positive is defined as: 

(9) 

FN (false negative) occurs when the result of a test for a person is negative while the 

person actually has the disease and the rate of false negative is defined as follows: 

(10) 

5.3.2. ROC (FROC) Curve and AUC 

A ROC (Receiver Operator Characteristic) curve is a graphical plot of true positive rate 

(sensitivity) versus the false positive rate (I-specificity). A ROC curve starts from the 

bottom-left to the top-right corner and each point of the graph shows a trade off between 

false positives and false negatives. 

The accuracy of a test is measured by computing the area under the ROC curve. The area 

under the ROC curve (AVe) is a fraction of the unit square and it's value always is 
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between 0 and 1. A AUC of 1 shows a perfect result while an area of 0.5 indicates a 

worthless result. 

Since in all CAD systems, the set of true negatives (TN) are not well defined so the ROC 

curve and AUC are not useful to compare whole CAD systems [122]. Since there are a 

lot of points which can be considered as potential true negatives in 3D data sets, the CAD 

system generates a large number of true negatives. Therefore, in the proposed CAD 

system, instead of the ROC curve, the FROC (Free-response Receiver Operator 

Characteristic) curve is used. In the FROC curve, the normalized specificity is replaced 

by the non-normalized number of false positives per dataset. 

In the proposed CAD system in order to avoid having just one threshold for the first three 

PE detectors which are based on CT value, the FROC curve for each PE detector is 

analyzed. Moreover, the FROC curve is applied to evaluate the performance of each 

feature (which is applied to detect true PEs and remove false detections), and to compare 

the performance of the proposed system with previously developed CAD systems. 

5.3.3. Threshold Selection for PE detectors 

As described in chapter four, five PE detectors were applied to detect PE candidates 

within the pulmonary artery. The detectors based on CT values need an optimal threshold 

to control the trade-off between increased the sensitivity of detection whilst minimizing 

the number of false detections. The FROC curve of three detectors based on (1) CT 

attenuation value, (2) eigenvalues of the Hessian matrix and (3) top-hat transform were 

analyzed to find an optimized threshold. Figure5-16 shows the FROC curve of these three 

PE detectors. Optimal thresholds were determined by analyzing the FROC curve for a 

dataset of 20 positive samples of PE (training data). Costs and losses have been used to 

find the optimal thresholds [34]. The dashed-dot lines represent the lines of equal cost. 

The slope of dashed-dot lines were selected so that 15 false detections per dataset cost 

10% of missed PEs. Based on these costs the best thresholds for the three detectors (CT 

value, eigenvalues and top-hat transform) were fixed between -25 IIU and 75 HU, greater 

than 5, and between 150 HU and 250 HU, respectively. These thresholds were then used 

for the remaining tests to evaluate the effectiveness of PE detection. 
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Figure 5-16: (a)-(c) show FROC curves for the thresholds of three intensity-based PE detectors. (a) CT 

value: The optimized threshold was selected between two thresholds ·25 HU and 7S HU. (b) Eigenvalues: 

The best threshold for PE detector based on eigenvalue was chosen greater than S. (c) top-hat: The 

optimized threshold for PE detector based on top-hat transform was selected between two threshold values 

150 and 250. 

5.3.4. False Positive Reduction 

The five PE detectors that respond to different properties of a pulmonary embolism 

collected different regions. By choosing the union of these regions the sensitivity of 

detection was improved. These regions were analyzed by connected-component analysis 

and each group of connected voxels was considered as a PE candidate. llowever, the 

numbers of false positives detected caused by the partial volume effect on the pulmonary 
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artery wall, noise in large arteries, soft tissue and motion artefact were too large. Table 5-

2 shows the main causes of false detection in the 20 training data scans. 

Table 5-2 shows the percentage of major causes of false detection in 20 training data 
scans. 

Cause of False Detection FP (%) 

SoftTimll! (Bronchial WaU) 37% 

Partial "olume Effect 21% 

~ohe in La",e Pulmonar,. Arter,. 19% 

1100011 Artifact 11% 

LuogDiuase 7% 

rncertain .. ~. 
I 

- - ~ 
_. - __ ••••• _ •• __ • __ • ____ ._ 0" 

Several features were computed for PE candidates' to make distinctions between the real 

PE and the look-likes. In most previous CAD systems false detections caused by flow 

voids in veins are the most important cause for raising the false detection rate [34]. So by 

separating the pulmonary artery from the veins, the rate of false positive detection was 

considerably reduced. In fact, reducing the search area was the first factor or feature to 

reduce the false detection rate. 

A PE candidate is a collection of voxels, so the next feature that can be used for rejecting 

the false detection is the size of PE candidates. The small dark region can be identified as 

a PE everywhere due to noise. Therefore, the size of voxel groups was used to remove the 

small voxel groups. Figure 5-17 shows the FROC curve based on the sizes (volumes) of 

candidates. The figure shows that many false positive detections can be excluded (PE 

candidates smaller than 42 voxels) without a considerable reduction in the number of 

true positive detections. The figure shows the larger the threshold for volume size, the 

lower the sensitivity and false detection rate. 
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Figure 5-17 shows the FROC curve based on size (volume size) of candidates. PE candidates smaller 

than the thresholds (required size) are removed and the sensitivity and fal se positive detections per dataset 

are shown for different thresholds of size of voxels. 

By reviewing the proposed CAD system, we found out the most common cause of fal e 

positive detections in the 20 training datasets (one third of all false positive detections) is 

related to soft tissue between the pulmonary artery and the airway system (Table 5- 1). A. 

lymph false positive (soft tissue) connects to the airway system and is anatomica ll y 

located outside the pulmonary artery and a true pulmonary emboli sm is inside the 

pulmonary artery. So a novel approach has been developed with the aim of reducing thi s 

false positive type. 

In the proposed method, first the airway system was automatically extracted and a filter 

was created by a mathematical morphology dilation operator on the segmented airway 

system. Figure 5-18 shows the performance of the proposed method for reducing false 

detection caused by soft tissue. The sensitivity of detection was adju ted by changing the 

volume size of candidates and counting the false positives per dataset. 
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Figure 5-18 shows the FROC curve of detection result after removing fal se detection by the proposed 

filter. The sensitivity of detection was adjusted using different thresholds for candidate volume. 

5.3.5. Evaluation the Proposed CAD System 

The proposed CAD system for automatic detection of pulmonary embolisms in CT 

images is based on three stages. The first step is pulmonary artery segmentation for 

reduction of the search area. The second is pulmonary embolism candidate detection and 

the third step is the removal of false detections. For tuning the detection system and 

optimizing the whole CAD system, the system was trained on 20 datasets and the 

estimated performance of the system showed that can be very good. Table 5-3 shows the 

result of the CAD system on 20 training data scans. The number of detected PEs is 94 and 

the number of missed PEs is 3. The sensitivity of detection is: 

TP 94 
Sensitivity = P(T+ I S+) = X 100 = X 100 :::::: 97% 

TP + FN 94 + 3 

with an average number of false detections of 3.2 per patient. 
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Table 5-3 shows the result of system on 20 training data scans (for different parts of the 
pulmonary artery see the diagram on page 109) 

:\0. ~umber of Detected PE FP before and after 
! Dataset Filterine 

~laill Lobar Seg Sub-Seg Before After I 

I I 

I1 I 0 ~ ~ 36 .t 

I2 : I I 0 27 : I 

I3 0 2 0 2 27 2 

I.t I 0 .t ~ 37 ~ 

IS 0 I 1 .\ 28 3 

I6 0 ~ 3 0 29 : 
I7 0 0 2 .\ 38 3 

I8 0 I 0 0 15 1 
I9 0 0 4 ... 47 8 . 

, 

IlO 1 1 2 2 38 4 

III 0 ~ 0 3 51 6 

II: 0 0 2 0 33 ... . 
I13 0 ~ 3 2 38 3 

I14 0 I 1 .\ H 4 

I15 0 I 2 3 32 3 

I16 0 0 2 2 27 0 

Il7 0 0 I 2 38 3 

I18 0 2 0 0 .t2 3 

I19 0 1 .\ ... 31 6 . 
no I 0 1 I 42 3 

Iotal FE 08 64 
andFP 6 18 36 3.t 35 Per Data 3.2 Per 

Detection Data 

The CAD system was evaluated on 35 more data ets which were n t used in any previolls 

steps. The number of PEs in the evaluation dataset was initially annotated by a radiologist 

and 176 PEs were annotated in the 35 patient dataset. Table 5-4 shows the result of the 

system on 35 testing data and Table 5-5 shows the number of P ~ s annotated by a 

radiologist, the number of PEs detected by PE detectors in different artery type and the 

total number of false detections. The discontinuou P ~ was considered a s parat d 

emboli. 
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Table 5-4 shows the results of system on 35 more testing datasets 

r 
~umber of PE detected in di fferent P:\ ~' pes ~umber of FP before and 

~o a fter filtering I 
Dataset ~ Iaill _\ rter:' Lobar Seg Sub-Seg 

I Before After 

1 0 2 1 0 41 3 I 
2 0 0 2 2 38 2 , 

3 0 1 0 2 ~.., - , 3 I 
4 1 0 2 3+2 42 4 
5 0 2 1 2 43 4 
6 0 2 3 0 29 1 
7 0 0 2 0+1 35 2 
8 0 1 0 0+2 46 5 
9 0 3 0 3 49 11 

10 1 0 2+1 2 32 4 
11 0 2 0 3+2 52 10 
12 0 0 3 0 43 2 
13 0 4 3 3 48 6 
14 0 0 2 1 4-~ 4 

15 0 0 2 2 39 3 
16 0 2 0 0 24 0 

17 0 0 1 2+1 38 3 
18 0 2 0+1 0 42 5 

19 0 1 5 3 47 3 
20 1 0 2 0 44 7 
21 0 0 0 1 29 4 
22 1 3 3 2 54 4 
23 0 4 2 1+2 52 3 
24 0 0 3 2 45 4 
25 0 3 0 0 +2 46 5 

26 0 0 2 0 27 4 

27 0 0 2+1 3 43 6 
28 0 3 0 2+2 54 7 
29 0 3 1 0 41 2 
30 0 0 3 5 39 4 
31 0 3 4 0 48 3 
32 0 2 1 2+1 47 4 
33 0 1 3 3 52 4 
34 0 0 0 2 39 1 
35 0 4 4 2+1 50 6 ------- - " ... __ . 

The proposed CAD system fa iled to detect 12 PE (6%) while the system could detect 19 

(11 %) extra PEs which were not annotated by the radiologist. In the second inspection 
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step, all the extra detected PEs have been confirmed by the radiologist. The detection 

results show that the system worked for sub-segmental (95%) and segmental (94%) 

arteries better than lobar (92%) and major arteries (80%). Figure 5- 19 shows the 

distribution of annotated and detected PEs in different at1ery types. 

Table 5-5 shows the number annotated and detected PEs by for the 35 evaluation dataset before fa lse 

positive reduction 

Pulmonary Artery Annotated PE Detected PE 

:\Iain Artery 5 4 (80%) 

Lobar 52 48 (92%) 

Segmental 63 59 (94%) 

Sub- Segmental 56 53 (95%) 

Total Annotated PE 176 164 (93%) 

:\Iore detected PE by CAD 19 (+110/ 0 ) 19 

Total Posith·e PE 195 183 (94%) 

False PositiYe Detection - 1470 (42 per Dataset 

100 • Anl10tllttd PE 

90 • Dettcttd PE 
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Figure 5-19 Presents the distribution of the number and the percentage of annotated PE by rad iologist 

and detected PEs using the proposed CAD system in different artery types. 
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Figure5-20 shows the FROC curve of detection result after removing false positive 

detection. The sensitivity of detection was adjusted by changing of volume size of 

candidates and counting the false positive detections per dataset. The FROC curve shows 

that the proposed CAD system can achieve sensitivities of 76%, 94% and 98% at 2.3 , 4.1 

and 12.6 false positive detections per dataset respectively. 
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Figure 5-20 FROC curve of the proposed CAD system on the evaluation dataset 

The FROC curve for PE detection (Figure5-20) shows the sensitivity of the proposed 

method is 94% at 4.1 false positive detections per dataset. TableS-6 compares the results 

of the proposed CAD system with those achieved by other researchers. Das et al 

evaluated a system to detect PEs which was tested on a large dataset but was applied only 

in the peripheral vessel region. Zhou et ai ' s approach has a low sensitivity with high false 

positive detection rate. Although Masutani et al achieved high sensitivity detection, the 

evaluation was a small dataset with a low number of PEs. Buhmann evaluated a system 

on a large number of datasets but the results show the low sensitivity performance of his 

approach. The result of the proposed system by Maizlin et al shows poor sensitivity 

detection and small dataset selection. Bouma et al achieved sensitivity of 63% (22% 

extra) with 4.9 false positives per dataset, which corresponds to a lower sensitivity and a 

higher rate of false positive detection than our system. We believe that the reason why the 

proposed CAD system achieved high sensitivity (94%) with an average number of false 

detections of 4.1 per patient is due to the reduction of search area. Table 5-7 shows the 

134 



CHAPTER 5: Experimental Results and Discussion 

number of false detections (FP) in 20 training data sets by the proposed CAD system 

(using PA as a search area) and previous proposed CAD system (discussed in the 

literature review that used all pulmonary vessels as a search area). 

Table 5-6 shows the comparison of different systems. The tabl e shows the number of used datasets. the 

number of true positive PEs in dataset (No. PEs), the achieved sensitivity (Sens) and the number of false 

positive detections per dataset (FPs). 

Ref Dataset ~o.PE Sens FP Comment 

Das 33 16S Seg SS 4.0 Only in peripberal artery 

120 Sub_Seg 7S 

Zhou 14 225 52 11.4 Low Sensith·ity 

:\Iasutani 11 21 100 7. LowPE 

, :\Iaizlin S 45 58 6.4 Low sen siti,·i~· and dataset 

II Bubmann 40 325 47 3.9 Low Sensitiyity 

, Bouma 19 116 63+22 4.9 Low dataset 

Tbe 35 195 94 4.1 Higb Sensiti,·ity 

Proposed Less false Positi,·e 

CAD 
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Table 5-7 shows the number of false detections (FP) in 20 training dataset using the proposed AD 

system and the previous proposed system. 

-~ --
Preyions Proposed 

Dataset CAD CAD 

TI 55 36 
T2 38 27 
T3 50 27 
T4 61 37 
T5 32 28 
T6 51 29 
T7 55 38 
T8 48 25 
T9 75 47 

TI0 48 38 
Tll 67 52 
Tl2 51 33 
T13 63 38 
TI4 73 41 
TIS 56 32 
T16 61 27 
TI7 55 38 
TI8 63 42 
TI9 53 31 
T20 68 42 

Total 
FP 1123 708 

Figure5-21 shows the display system of detection results. The detection rc ults show that 

the proposed CAD system is able identify segmental and sub-segmental pulmonary 

embolisms which are often missed by radiologists. FigureS-21-c (fi rst row) shows that the 

system detected one false positive. 
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(a) 
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(b) 
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(c) 
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(d) 

Figure 5-21 a-d Display the results of the PE CAD system. The lell co lumn shows the raw data wi th PEs 

and the right column presents the computer detection results. 
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The CAD system was tested on a PC with 2 GHz Quad core CPU and 8 GI3 memory. On 

average it takes 10.23 min per patient. Table 5-8 shows the elapsed time for di fferent 

stages of the system. 

Table 5-8 Average time for the major components of the proposed AD system 

- -

l\lajol' CAD C OInltOllt'llts AVt'mgt' Eln.,s('c1 TiIn(, IVIiJlllt(' 

Lung Segmentation Process 1.28 

Heart Segmentation Process 1.06 

FeatureMap ExtractionProcess 3. 17 

Pulmonary Artery (P A) Segmentation Process 2.49 

Pulmonary Embolism Detection Process 1.34 

Total Elapsed Time 10.23 

-

The above estimated time was computed from starting tage of the AD system whi h is 

loading the scan data to the final stage which is pulm nary embolism d lcclion and 

removal of false detection without any optimization . 
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6. CONCLUSION 

In this thesis a novel CAD system for detection of pulmonary embolisms in CT A images 

has been developed. The proposed CAD system consists of pulmonary artery (PA) 

segmentation, pulmonary embolism (PE) candidate detection and false positive reduction. 

The pulmonary artery has been extracted as a search area for pulmonary embolisms. 

Pulmonary artery segmentation is a challenging task due to the proximity of other organs, 

its elongated shape and range of vessel diameters. Flow voids in veins are one of the 

commonest causes for false positive detection of PEs, so separating the pulmonary artery 

from the vein network resulted in a lower false positive detection rate. 

An efficient algorithm for segmenting the Pulmonary Artery (PA) tree has been 

developed in 3D pulmonary Computed Tomography Angiography (CT A) images. The 

pulmonary artery tree was extracted in two steps. In the first step, the major artery 

extracted in the heart region using a region growing method initialized by a seed point 

which was automatically selected within the pulmonary artery trunk. The segmentation 
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result of the major artery has been refined using a customized 3D level set algorithm. The 

major artery was extracted by the following stages: 

1) Enhancing the image by a non-linear diffusion filter. 

2) Extracting lung and heart region as a search area for pulmonary artery 

segmentation. 

3) Removing the connectivity between the artery and other organs using a feature 

map based on eigenvalues of the Hessian matrix. 

4) Removing the superior vena cava. 

5) Segmenting the pulmonary artery using a 3D customized level set method starting 

from the initialized contour inside the pulmonary trunk. 

In level set implementation, a new external energy was proposed which prevents front 

propagation to the background where the gradient of the boundary of object is weak. A 

new stopping criterion which uses a measure of the mean curve energy has been used to 

force the curve toward the object boundaries and to halt the evolution process at an 

optimum iteration, a consideration that has been ignored in many level set 

implementations. 

In the second step, the peripheral pulmonary arterial network was extracted from the lung 

regions using a distinct region growing algorithm, starting from seed points which are end 

points of the left and right arteries and are also automatically selected. 

As the proposed method fully automates the extraction of PAs, it allows the CAD system 

to be included in a fully automatic pulmonary embolism detection system. Unlike the 

previous proposed methods (discussed in the literature review in chapter2) in which the 

segmentation algorithm sometimes fails as a consequence of merging the pulmonary 

artery to adjacent tissue, the proposed algorithm applies the feature map filter to remove 

the connectivity between the pulmonary artery and other tissues. 

Pulmonary embolism (PE) was identified as a dark region within the segmented artery. In 

the second stage, five different detectors based on intensity, geometric analysis, 

morphological operator (top-hat transform), analyzing the perpendicular plane to the 

centerline of the vessel, followed by ellipse fitting and searching disconnected parts of the 
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vessel, were implemented to find voxels inside the segmented artery as PE candidates. 

These five detectors respond to different properties ofPE. 

Soft tissue such as the lymphoid tissue surrounding vessels, partial volume effect, noise 

and motion artefacts are the main causes of false positive detections. A post-processing 

step was applied on the 3D features extracted from the detectors to reduce the number of 

false positive detections. 

Small dark regions (caused by noise) can be identified as PEs everywhere. Therefore, the 

size of voxel groups was used as a feature to remove small voxel groups. The result of 

using this feature on 20 training datasets showed that much false positive detection can be 

excluded (PE candidates smaller than 42 voxels) without a significant reduction of the 

number of true positive detections (91 % sensitivity and 46 false positives per dataset). 

To deal with the false positive detections caused by the partial volume effect, voxels on 

the vessel wall were removed by a morphological operator. The thickness of the removal 

wall depends on the radius of the pulmonary artery noting that the thickness of the major 

artery is greater than in the peripheral artery. 

A new feature based on location was proposed to remove false detection caused by soft 

tissue. A lymph false positive (soft tissue) connects to the airway system and is 

anatomically located outside the pulmonary artery and a true pulmonary embolism is 

inside the pulmonary artery. A filter was created by segmenting the airway to remove 

false detection caused by soft tissue. The result of applying just this filter on 20 training 

dataset identified 17 false positives per case at 84% sensitivity of detection. 

The system has been tested on 35 CTA scans with average of 176 PEs, 68% of which 

were located in the peripheral arterial network (Segmental and Sub-Segmental) and 32% 

in the main pulmonary artery (Main and Lobar). The results showed that the system 

achieved 94% sensitivity at 4.1 false positives per case. Since the search area was 

restricted to inside the pulmonary artery, the results of our CAD system performed well 

in comparison to other CAD systems described in the literature. 

The proposed CAD system is most helpful to detect PEs in the peripheral pulmonary 

arteries (segmental and sub-segmental arteries). This kind of PE is easily missed by a 
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radiologist and also indicates a risk for recurring of more significant emboli. The system 

is also able to add 11 % more to the PEs manually detected by the radiologist. The main 

reason for the additional detected PE can be the size and location of the additional PE. 

Since the proposed CAD system is more capable to detect PE in segmental and sub

segmental artery, this kind ofPE can be missed by the radiologist. 

Our CAD system can remove false detections caused by partial volume, soft tissue, noise 

and flow voids (by separating the vein from pulmonary artery). Most of the remaining 

false positives (4.1 per CT scan) were caused by motion artefacts (Table 5-2). The 

movement artefacts usually create blurred boundaries in CT images which have the same 

intensity as a PE. False positives caused by the motion artefacts are an interesting field for 

the next research to further reduce the number of false positives. Although, this kind of 

false positive may be less important as a result of using newer CT scanners or improved 

scanning protocols in future. Nevertheless, future research should be focused on the 

recognition and rejection of this cause to further reduce the number of false positives or 

improve the sensitivity. Moreover, we will carryon measuring and labelling the detected 

PEs. For this purpose, the extracted pulmonary artery should be labelled according to the 

reference model of pulmonary artery. 
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APPENDIX A 

Differential Geometry 

In this project, in order to pre-process or post-process volume data sets some features 

need to be calculated. For example for classifying the voxels based on their shape, 

locations and texture several features of image must be extracted. The following is a brief 

description of using differential geometry tools for extracting some features which will be 

used for doing the project. 

Gaussian Smoothing Filter 

The Gaussian filter is a linear smoothing filter whose weights are chosen based on the 

shape of the Gaussian function: 

XZ+y2 

G(x,y) = _l_e--u;r 
21fqZ 

(1) 
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Figure 0-1 2D Gaussian function and distribution 

The Gaussian smoothing filter is capable of removing the noise which is drawn from a 

normal distribution. 

First Order Derivatives Operator 

An edge in an image is where there is a discontinuity in the intensity function or a very 

steep intensity gradient. By taking the first order derivatives of intensity values and 

finding the maximum values for the derivatives, the edges of image are marked. The 

gradient of an image I which contains of first derivatives operators is defined as: 

V I = (21. 21.!!..!..) 
ax' oy' oz 

(2) 

The gradient at each voxel has the following properties: 

• The gradient direction at each voxel is the direction of steepest ascent at that 

voxel and the gradient magnitude: 

(3) 

is the steepness of that ascent at that voxel. This feature can be used for 

detecting of edges in an image. 
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• The direction of gradient at each voxel is the normal to the level curve at that 

voxel 

• By using the gradient operator the first derivatives of an image at each voxel in 

any direction can be calculated: 

Lu =u. VL (4) 

Fig.ureO-2 shows an ideal steep edge and the profile of its derivatives. 

Intensity 

Slicc through imagc 

Deri\'Btivc 

Figure 0-2 shows a steep edge and its derivative's profile 

Second Order Derivative Operators 

In second order geometry, the matrix of second order derivatives or the Hessian matrix is 

equivalent to the first order derivatives of the gradient operator. The information of 

second order derivatives can be used for marking an edge and extracting local shape of a 

gray scale image. The second order derivative operator of an image I or Hessian matrix 

is defined as follows: 
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a21 a21 a21 

ax2 axay 

H(/)= 
a21 a21 

(5) ayax ay2 
a21 a21 --azax azay az2 

The eigenvalue and eigenvector of the Hessian matrix has a few geometric meanings: 

• The direction of the greatest curvature (maximum curvature) can be identified by 

the first eigenvector (the eigenvector whose corresponding eigenvalue is largest 

absolute value). 

• The eigenvector whose corresponding eigenvalue is the smallest one in the 

direction of the minimum curvature. 

• The values of curvatures (maximum and minimum) are the corresponding of 

eigenvalues. 

The Laplacian operator of an image I at each voxel which is defined as follow: 

(6) 

measures the second spatial derivatives of an image and shows the rapid intensity 

changes. 

Mean and Gaussian Curvature 

The mean curvature at point M of a surface S is the average of principal curvatures K1 

and K2and the Gaussian curvature is the product of these two principal curvatures: 

"1 + "2 
KMean = -2-

KGaussian = K1 K2 (7) 

where, K1 is the minimum of all curvature Ki of curve Ct passing through at point M on 

surface S, and K2 is the maximum of them. 
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If the surface S is represented by the implicit function cp : 

S = {(x,y,z) I cp(x,y,z) = O} 

then, the mean and Gaussian curvature of surface S at each point M(x,y,z) can be 

calculated as follows: 

qJxx(qJ~+qJn + ({Jyy(({J: + ({JD + qJzz(({J: + qJ~) - 2(qJx({Jy({JXY + ({Jy({JzqJyz + ((Jx({JzqJxz) 

KMean = 2(({J1 + qJ: + qJ;)% 

KGaussian = 

(8) 

fl'iC fl'yyfl'zz-fI'~z)+fI'~( fl'xxfl'zz-fI'iz)+fI'H fl'xxfl'yy-fI'ly) 

+ 2 (fI'x fl'y ( fPxzfl'yz-fI'xyfl'zz )+fPyfPz( fPxyfPxz-fI'yzfl'xx) +fI'xfPz( fPXyfPYZ-fI'xzfl'yy)] 

(fI'~+fI'~+fPn2 

Based on the mean and Gaussian curvature of a surface, the region of surface can be 

classified as follows: 

• If the KGaussian > 0 and KMean > 0 then the curvature in any direction 

is positive and the surface region is a convex region. 

• If the KGaussian > 0 and KMean < 0 then the curvature in any direction 

is negative and the surface region is a concave region. 

• If the KGaussian < 0 , then the curvature in some direction is positive 

and others are negative (Hyperbolic patches). 

Shape Classification Based on Eigenvalues 

The eigenvalues of the Hessian matrix are used for locally describing of structure of an 

image (FigureO-3). Frangi at el [56] applied the elements of the Hessian matrix to classify 

the shape of a vessel by defining a multi-scale vesselness measure. They obtained the 

vesselness measure on the basis of all eigenvalues of the Hessian' matrix aiming to 

develop a vessel enhancement filter. 
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Figure 0-3: the second order ellipsoid which describes the local principal directions of curvatures 

All three eigenvalues of the Hessian matrix have an important role to discriminate the 

local orientation pattern. Table 0-1 is a brief description and properties of eigenvalues of 

the Hessian matrix to detect the different structures [56]. 

Table 0-1 Shows the possible pattern in 3D based on eigenvalues of Hessian matrix lk (the 

eigenvalues are ordered as: 1111 ~ 1121 ~ 1131> in different size (H for high, L for low, N for noisy 

and +/- indicate the sign of eigenvalues. 

At A2 A3 The orientation of pattern 

N N N Noisy, no preferred direction 

L L H- Plate-Like structure (bright) 

L L H+ Plate-Like structure (dark) 

L H- H- Tubular structure (bright) 

L H+ H+ Tubular structure (dark) 

H H- H- Blob-like structure (bright) 

H+ H+ H+ Blob-like structure (dark) 

Frangi proposed some ratios of eigenvalues to distinguish the shapes of different 

structures. The following is a briefly description of some ratios: 
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1). The following ratio is considered for deviating from a blob-like structure but cannot 

distinguish a plate-like structure from a line-like structure. 

(9) 

For the blob-like structure, the ratio is maximum value and is zero wheneverAl ::: 0, or Al 

and Az tend to vanish. 

2). The plate-like structures and the line-like structures are distinguished by the following 

ratio: 

(&1) 
IAII 

(10) 

The two proposed ratios are gray-level invariant and remain constant under re-scaling and 

give just geometric information of the image. 
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APPENDIXB 

3D Level Set Algorithm 

functions. 

<l>t = 'V<I>' (div(Fext ,::,) + VFext) in [O,oo[ x R3 

<I> (x, y, Z, 0): The initial surface which is automatically selected 

inside the pulmonary artery 

Ie: Mean curvature of evolving curve 

Fext: An external energy function composed of two energy 

Fext = Fedge x Flntensity 

v v > 0 is a constant inside the curve to increase the propagation 

speed. 
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Input: 

• 3D original data 

• 3D initial contour (In this algorithm the initial contour is a 3D surface inside the 

object which will be segmented). 

• The number of iterations, which is an aggressive number but the algorithm 

terminates where the variance of the mean energy profile falls to zero. 

Output: 

• The segmentation results (binary image). 

Step]: Load the row data (I) 

Step2: Load the initial contour ( tI> ) 

Step3: Finding the signed distance transform of initial contour (signed distance respect to 

boundary of initial surface). 

Step4: Smooth the original image using Gaussian kernel. 

StepS: Defining the edge detector in level set method 

( F - e-1V1(x,y,z)1 
edge - , I: Original Image) 

Step6: (Level Set Iteration) 

For Iteration = 1: number of level set iteration number 

Finding the narrow band of signed distance transform 

idx = {Ci,j,k)l-p s tl>t7.:; s p} 

C2~ is width of narrow band) 
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Finding the curvature of <l>Iteration in idx (mean curvature) 

Vi :1= 1, m ,[m, n, k] = size(image) 

<I> 
4>m+1./.k-4>m-1./.k 

x::::: 
2hx 

4>2./.k - 24> I.j.k -4>o./.k 
<l>xx ::::: 

<I> - <I> O.J.k - I.J.k 

<I> - <I> m+l.J.k - m.J.k 

Vi:l= 1,m 

i = 1 

i=m 

_
4>..:,1 +.:,.:1:.:././.:;:.k...;..+.:..1 -_4>..,;I;..-.:,:1':L:;/.k:;,.:+..:,1_-_<I>...;..1 +:....:1::L./.::.:.k..,;-l:...+_4>....:I_-~1./~.k:....:;.-1 

<l>xz ::::: 
4hxhz 

i = 1 

i =m 

(The first and the second derivative in y and z direction are the same and hx, hy and hz 

are the step size in x, y and z direction) 

Page 171 



APPENDIX 

Computing the value of the evolving coefficient Cevolving 

_ Iter ( . ( Iter V<I>lter) Iter) 
Cevolving - IV<I> I dLV Fext IV<I>lter l + vFext 

at = min(hx.hy.hz } 

Amax 

(St, is computed based on CFL condition for stability of level set algorithm and Amax is 

maximum of elements of Cevolving) 

Step6_5: Evolving the surface in idx 

<l>lter+1 - <l>lter + ate . - evolvmg 

Step6_6: 

Reinitialize the <l>lter+1 

(Using Susmand method algorithm) 

End For 

Output = <I> Iter+ 1 ~ 0 

Page 172 



APPENDIX 

Susmand Method Algorithm: 

The following equations are used to reinitialize the level set function: 

CfJt + S(CfJo)(IVCfJI- 1) = 0 

CfJ(x, y, z, 0) = CfJo(x, y, z) 

CPo: Initial level set function 

S(CfJo): Sign function 

Discrete Algorithm: 

For Iter = 1, L 

For i,j, k = I, dim 

Solve: 

Given: 

G( Iter ) CPO,i.j.k 

dim=[ m,n,p ]=size( CfJo) 

lter+1 _ Iter lltS ( )G( Iter) CfJi,j,k - CfJi,j,k - E CfJo,/,j,k CfJi,j,k 

S ( ) CfJo,i,J,k 
E CfJo,i,j,k = -;::::::::::=== 

cp2 + E2 Q,i,j,k 

_ {.jmaX((a+)2, (b-)2) + max((c+)2, (d-)2) + max((e+)2, (f-)2) - 1 

- .jmax((a-)2, (b+)2) + max((c-)2, (d+)2) + max((e-)2, (f+)2) - 1 
o 

Where: 

z+ = max(z,O) 

CPO.t./.k > 0 

f/JO.I.J.k < 0 
otherwise 
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z- = min(z,O) 

a, b : backward and forward space derivatives in x direction( two matrix) 

c, d : backward and forward space derivatives in y direction( two matrix) 

e, f : backward and forward space derivatives in z direction( two matrix) 

End For 

End For 
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Fast marching algorithm 

-Initialization step 

1. Alive points: Choose A as set points of all grid points (iA ,jA' kA) which 

represent the initial contour. 

2. Narrow band: Select all grid points neighbours of A as set of narrow band 

or trial points 

3. Far away points: Choose all other points as set of far away points and set: 

~" "k = 00 l,j, 

For all far away points. 

-Marchingforward step 

1. Start the loop: Find the grid point (imin ,jmin , kmin ) in narrow band where 

the arrival time T has the smallest value. 

2. Remove the grid point (imin ,jmin, kmin ) from narrow band points and add it 

to alive points 

3. Tag all points (imin - 1,jmin' kmin), (imin + 1,imln , kmin), (imin ,imln -

1, kmin), (imin ,jmin + 1, kmin ), (imin ,jmin, kmin - 1), (imln ,jmin, kmin + 
1) which can be either in narrow band or in far away set points. If it is in far 

away set points, remove it from far away set points and add it to the set of 

narrow band points. 

4. Re-compute the value ofT at all neighbours by using the Eikonal equation 

(15) and find the largest possible solution for the quadratic equation (17). 

5. Return and do the loop. 
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