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Abstract

Occlusive vascular disease is one of the most critical diseases nowadays. The important
arteries and risks for this disease is a carotid artery. This artery is responsible for
supplying the brain with oxygen blood. Medical visualization could assist doctors by
visualizing the vessel structure of occlusive vascular disease patients in 3D model
images. However, there are some obstacles for segmenting the vessel structure from
medical images. As the range of intensity of blood vessels still overlaps with the range
of intensity of bones, it is impossible to segment the blood vessel by using the
conventional thresholding technique.

In this research, we intended to create novel algorithmic techniques that can perform the
automatic segmentation of blood vessel in CTA images, without a user interaction or
any initial points from the user. In addition, we also display our segmentation in high
quality 3D model images. Moreover, we propose the modified version of Level Set
Method which is called Hybrid LSM. This method is the combination between edge
based and region based active contour model.

We performed the experiments by comparing Hybrid LSM with conventional method.
Hybrid LSM can segment the boundary of the desired object, resist to the noisy image,
work well despite the objects’ unclear boundary and faster than the conventional
methods. However, some errors can occur around the acute angle corners. In addition,
our blood vessel segmentation framework was evaluated based on the evaluation criteria
from Carotid Lumen Segmentation and Stenosis Grading Challenge (CLS). We
performed the experiments by using fifteen CTA datasets. We obtained the average dice
similarity at 87.09%, average sensitivity at 88.13% and average specification at 86.63%
which shows that our method was efficient for vessel segmentation. However, some
false positive occurred in the vessel reconstruction process

Keywords: Medical Images / Direct volume rendering / Ray Casting algorithm /
Vessel segmentation / Vesselness filter / Level Set Method
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CHAPTER 1 INTRODUCTION

Occlusive vascular disease is one of the most critical diseases nowadays. More than ten
million people around the world are killed by this every year [1][2]. And in the next five
years, the number of victims will reach twenty million. More than fifty percent of the
deceased lived in developing countries and southern Europe. One-third of the occlusive
vascular disease patients displays no symptom until an acute heart failure. One of the
important arteries and risks for this disease is a carotid artery. This artery is responsible
for supplying the brain with oxygen blood. It starts from the heart passing though the
neck and connecting to the brain. There are two common carotid arteries (CCA) in our
body, left and right. Left CCA arises from the aortic arch; the right arises from the
brachiocephalic artery [3]. Both of them bifurcate into an internal carotid artery (ICA)
and external carotid artery (ECA), as illustrated in Figure 1.1. ICA delivers blood to the
brain while ECA delivers blood to the other organs in the head. We can feel their
pulsation by touching below the jaw bone [4]. There is only 1 percent of risk for people
aged between 50 and 59 to have the occlusive vascular disease. However, the risk is 10
percent higher for the elderly aged between 80 and 89 [5].

W

Internal Caroti

External Carofid artery ‘

b | i
{l Common Carotid artery |
h B!

Figure 1.1 Caroﬁd arteries
[Source: http://thomasquinlan.com/2014/04/on-medical-issues/]

At present, there are many modern techniques such as bypass surgery and Percutaneous
Coronary Intervention (PCI) which are moderately successful. Medical image is one of
the important tools for the analysis and diagnosis for occlusive vascular disease. It gives
cross-section images of a human body by several imaging techniques. One of the most
popular imaging techniques is Magnetic Resonance Imaging (MRI) and Computed
Tomography (CT). Medical images are very useful in the medical field. Not only does it
help doctors to diagnose and analyze the diseases accurately, but it is also used to plan
treatment strategies. However, visualization of the blood vessel by taking medical
images is more complicated than that of other organs. That is because blood vessels are
transparent; they cannot be captured by using regular imaging techniques. The doctor
has to inject the contrast media into the patient’s blood vessels which is called
angiography. Computerized tomographic angiography (CTA) is one of the medical
imaging techniques which combines conventional CT scan and angiography. This
technique is used to capture the detailed images of blood vessels.

Computer technology is a pre-requisite for the development of medical technologies.
Image processing can be used to develop the visualization of medical image. The



medical visualization is the combination between medical image and image processing
technique. It displays a part of human body in three-dimension (3D) model imaging
which gives both doctors and patients an insight into medical data. In addition, medical
visualization also presents details in aspects such as data exploration. There are two
main techniques of medical visualization — direct volume rendering (DVR) and indirect
volume rendering (IVR). DVR visualizes the 3D model images by using the specific
transfer function to classify the medical image data, maps to opacities and shading
colors, while IVR renders the polygonal model from the medical image data.

The employment of direct volume rendering for medical visualization could assist
doctors by visualizing the vessel structure of occlusive vascular disease patients.
Doctors can clearly address the stenosis points in the blood vessel structure, so they can
diagnose and plan an operation with better accuracy. The system would reduce the
radiologist’s workload and increase the effectiveness of the treatment, because the
doctor can find the anomaly area in the early stage. It is also helpful for surgeons who
wish to avoid damaging the vascular structure or plan to reconstruct it. In addition, it
also reduces the expenses of treatment since the cause of disease can be found at the
early stage. Not only can the direct volume rendering visualize the blood vessel
structure, it can also be adapted for organ segmentation which allows the doctor to
visualize the anomaly in each organ easily.

Although the direct volume rendering is a useful technique for the medical field, there
are some obstacles of implementation of DVR in clinical applications. The first one is
the complexity of transfer function configuration. In organ segmentation, it is hard to
configure the appropriate parameter for transfer function. The transfer function with a
suitable parameter can generate the noiseless and low artifact three-dimension (3D)
model image and it can clearly segment the organ. The transfer function should be
adapted for each data set, which can be complicated for users. Moreover, blood vessels
are a type of organ which cannot be segmented by using regular transfer function. Due
to the complexity of blood vessel structure, which looks like a tree structure, it can be
mistaken with other organs with similar intensity, the variety of vessel size and
intensity, artifact and the contrast of vessel in medical image. Even though the CTA
imaging technique permits us to identify blood vessels more clearly, the range of
intensity of blood vessels still overlaps with the range of intensity of bones. It is
impossible to segment the blood vessel by using the conventional thresholding
technique. The second obstacle is the computation time of DVR. As the medical
visualization is generated in high fidelity, the high resolution medical images are
required. The high performance rendering algorithm should be performed with high
computation time in the case of high quality image. Fortunately, this obstacle can been
solved by using the parallelization computing which can improve the processing
performance of Ray Casting algorithm, so the high quality image is generated in a few
seconds.

Our research aims to automatically segment the blood vessels without any user
interaction and any initial points from the user and visualize them in 3D model image.
We acquire the medical image datasets from Carotid Lumen Segmentation and Stenosis
Grading Challenge (CLS). They provide the datasets of the Carotid Bifurcation in a
Computed Tomography Angiography (CTA). So, our purpose is to segment the carotid
artery from the CTA images and evaluate our results by using the frameworks provided



by the organization. Moreover, we can compare our results with other authors and other
methods.

In order to display the blood vessels structure in high quality 3D model images, this
research proposes a framework to segment the location of blood vessels in the medical
images by using the Level Set Method and vesselness function. The Level Set method is
opted to distinguish between bones and vessels while the vesselness function is
responsible for evaluating how likely the voxel in the datasets is to belong to the vessels
structure. And for the visualization purpose, this research also proposes a framework to
integrate the result from our solution with the Ray Casting algorithm.

Moreover, we propose the modified version of Level Set Method which is called Hybrid
LSM. This method is the combination between edge based and region based active
contour model. The Hybrid LSM not only preserves the advantages of both
conventional methods but also improves the limitation and performance of LSM.

The rest of the paper is organized as follows. The next chapter reviews other published
works about Ray Casting technique and vessel segmentation and describes the details of
the proposed technique for this research, for example Level Set method, vesselness
function, center line extraction and Ray Casting. In Chapter 3, we introduce our
proposed method, Hybrid LSM, and describe the details of ideas and development. In
addition, the benchmark results of our proposed method are also presented. Chapter 4
describes the details of our framework in a step-by-step manner and framework design.
The results from our framework, evaluation method and evaluation results are shown in
Chapter 5. Finally, in Chapter 6 the authors’ conclusions are presented to sum up this
research.



CHAPTER 2 LITERATURE REVIEW

In this section, a survey of related works is presented. We research the medical image
visualization techniques, the useful techniques in order to visualize the medical image
data in 3D model image, the solution for improvement of the computation speed and the
quality of image. Besides, in order to develop the visualization of organ segment
especially blood vessel structure, we research the vessel segmentation techniques. The
details, advantages, and results of those researches are discussed in 2.1. In 2.2, we
describe this noteworthy methodology to be adopted in our research.

2.1 Related Works

Nowadays, digital image data collection is useful for diagnosing diseases and planning
treatment strategies. Even though the volume visualization can help clinicians in
creating many utilities from the medical image data, there are many obstacles that
obstruct the usability of the volume visualization in clinics. One of the obstacles is
fidelity. Medical image requires high fidelity. It means that high performance rendering
algorithm should be performed in the case of high quality image. Smelyanskiy et. al.[6]
investigated the kind of volume rendering algorithm that is appropriate for modern
parallel processing architectures. First, they compared three different methods of Direct
Volume Rendering, which were Ray-Casting, Splatting, and Shear-Warp. In order to
determine which method could generate a high fidelity medical image, they applied
these three methods to render the high-resolution CT Angiography data. Each method
should generate the image of the inferior epigastria artery (IEA). The image quality was
determined by the visibility of the branches of the IEA and the sharpness of the vessel.
They concluded that Ray-Casting method had the most acceptable quality for medical
image processing. Furthermore, they evaluated the medical-quality from the result of
Ray-Casting method on CPU (Intel Nehalem), GPU (Nvidia GeForce GTX280) and
many-core architecture (Intel Larrabee). From the evaluation, the implemention of Ray-
Casting on the quad-core Nehalem could improve the rendering speed up to 5.8x. The
speed on Nvidia GeForce GTX280 can achieve 5x-8x. For the 16-core Larrabee, they
could reach 10x speed-up over the single core Harpertown. For the 32- and 64-core
Larrabee, the rendering speed was only 11x faster due to the overhead of data transfer.
For the ideal speed-up, which, if the overhead was ignored, the 32- and 64-core
Larrabee should achieve the 24x and 42x speed-up, respectively. In conclusion, we
realize that Ray-Casting method can be the most appropriate medical image processing.
Moreover, the parallel processing can help us improve the performance of volume
visualization significantly.

Not only can the parallelization of Direct Volume Rendering method improve the
rendering speed, it can also increase the image quality. In order to increase the sapling
speed by reserving the image quality, Lee et. al. [7] proposed a technique that adopts the
Volume Ray-Casting with Virtual Samplings. The traditional Volume Ray-Casting
requires more sampling rate to increase the image quality and that also increases the
computation cost. The Virtual Sampling technique is an approach to increase the
sampling rate without increasing the computation cost by using a cubic spline curve
interpolation. For the conventional ray-casting, a ray which is cast by image pixel
transverses the volume data and samples the intensity. For the virtual sampling
technique, instead of using the actual sampling points, it generates the virtual sampling
points by using the cubic function to interpolate the two intensities. The virtual
sampling is performed at one-fourth of the actual sampling interval, so it can increase



the sampling rate by four times. Although the cubic splines can be used for the virtual
sampling point interpolation, it does not support the ‘local control’. Cubic splines use all
of the input control points to formulate the spline curve. Therefore, the experimenters
presented the Catmull-Rom splines which supported the local control properties. The
Catmull-Rom splines can interpolate the curve by using piecewise cubic polynomials.
The researchers compared the virtual sampling technique with the cubic sampling at a
unit-voxel size interval (sampling rate 1x) and cubic sampling with a sampling rate 4x.
The results showed that the cubic sampling with sampling rate 1x was the fastest
rendering speed but it exhibited the highest amount of artifact. The virtual sampling
technique had a faster rendering speed than the cubic sampling with a sampling rate 4x
while the images qualities were equal. Thus, the virtual sampling technique can
significantly improve the rendering speed. However, the disadvantage of the virtual
sampling technique is the intensities of virtual sampling point can be out of range of the
input volume data as the minimum and maximum block is required to control the virtual
sampled intensities. However, the blocks can generate the loosely-bound minimum and
maximum values which can introduce potential faults to the rendering performance.

Another technique that can improve the quality of image is a peak finding method
proposed by Knoll et. al [8]. This method finds the peak within the ray and then creates
the 2D look up table in order to replace the peak intensity to the integrated value. It is
appropriate for a transfer function that has sharp features, such as the Dirac impulses. It
can classify the noise data that the post-classification and the pre-integration cannot
handle. Nevertheless, the peak finding method is more costly than the pre-integration
method and it is also difficult to implement outside a Ray-Casting framework.
However, the image quality of this technique will resemble the one from the
conventional DVR if the transfer function is smooth.

In addition, Wang et. al. [9] proposed the hybrid strategy for volume rendering. This
strategy uses the octree structure to organize the volumetric data and was implemented
on the multiprocessor. The octree structure is used to index the data. Each parent node
in the octree has eight children and contains the range of voxel value. Thus, the leave
nodes of octree point to a voxel. In order to manage the data space, they implemented
the Branch No-Need Octee (BONO), which can avoid allocating nodes of an empty
subtree. The researchers were transversing the BONO in order to find the nodes that
contained the range to cover the isovalue and pushed them into the list. Each list
represented the ray which was cast by the image pixel. The experimenters suggested
that the list of any pixel should contain fewer than 20 items. Then, they composted the
voxels in each list similar to the conventional ray casting. For the implementation on the
multithread processor, they divided the data into the equal regions; each processor was
responsible for transversing the BONO and creating the list. Instead of separating the
list for each image pixel, they created a list for four rays (2x2 pixel) since they found
that the smaller number of lists could improve the performance of image processing.
After the lists were prepared, they divided the screen into small images and applied the
load balancing technique by mapping the image-tile with the equal number of
processors and creating the sequence list which contains the pairs of image-tile and
processor. Each processor would get the image-tiles index from the sequence list and
preformed the ray casting by casting the ray through the list and composting the voxel
values in the list. The process would be performed continuously until the sequence list
would be empty. The advantage of this technique is that it can eliminate almost all



pixels that are nonintersecting the ray segment and create a shorter list for the remaining
pixels.

The Ray-Casting method usually involves two issues. The first issue is that the opaque
features might be alias with some other parts. The second issue is the under- and over-
saturated result images which arose from the additive blending technigue in composting
process. These two issues usually occur when an inappropriate transfer function was
set. Marchesin et. al. [10] proposed the Per-Pixel technique. This technique is
noteworthy because it does not use the transfer function and introduces the volume
virtualization in a new aspect. The result of this method presented the visibility of the
internal structure of the data set. They introduced the relevant function used in
identifying the opacity of each voxel in data set instead of using the transfer function.
The relevant function determines the opacity of each voxel by its gradient value. The
high gradient area is more important than the regions with low variance (low gradient).
The threshold of the gradient value is utilized as relevant function. The advantage of
this technique is that it enables the data exploration concept that can represent the result
in a different aspect. In addition, it is fully automatic choosing the appropriate relevant
functions, which leaves user manipulation unnecessary. However, the result from this
technique is a non-photorealistic that may not be useful in terms of clinical practice.

The organ segmentation is one of the useful features for visualization by using Direct
Volume Rendering. However, it is hard to clearly segment the specific characteristic
organs such as blood vessels by using the conventional transfer function, due to the
complexity of the blood vessel structure that looks like the tree structure. They may be
mistaken with other organs with similar intensity, vessel size and intensity, artifact and
contrast of vessel in medical images. There are many advantages of blood vessel
segmentation. The first one is the vessel structure visualization. Doctors can visualize
the structure of blood vessel which allows them to address the stenosis points.
Moreover, it can help with operation planning. They can avoid damaging the vessel
structure or reconstructing them with this technique.

Marin et al. [11] reported that vessel segmentation method can be categorized into two
main groups; rule-based method and supervised method. The rule-based method uses a
mathematical model to search and match the characteristics of blood vessel while the
supervised method is based on pixel or intensity classification. Marin et al.’s research
presented a new supervised method by using gray-level and moment invariants based
approach. Their research aimed to segment the blood vessel in retinal image of diabetic
patient, in order to detect the diabetic retinopathy (DR) in early stages. Their method
used the pixel classification technique and 7-D vector to extract vector from the medical
image and send to a neural network. The neural network would determine which pixel
was vessel. Finally, the pixel of output image was painted as a blood vessel. The
knowledge about blood vessel location and characteristic is also required for the neural
network training which helps to reduce the false positive in detection. For the method
evaluation, their research used a dataset from the publicly available DRIVE and STARE
database. The medical images form DRIVE database were used for training the neuron
networks and the dataset from STARE to test the accuracy of the method. The
experimenter found that the accuracy was improved from 0.9452 for DRIVE database to
0.9526 for STARE database. In addition, this method provided high accuracy results
when compared with the previously-published vessel segmentation method. They found
that the performance of the previous method dropped when tested with an unseen



database while the proposed method still provided a good performance. It proves that
the proposed method is robust for any unseen dataset. The total computing time for one
medical image is one minute and thirty seconds approximately.

On the other hand, many researchers have developed the rule-based model for vessel
structure extraction. Shang et al. [12] proposed a new technique for the vessel
segmentation by adopting the rule-based method. Their research reported that active
contour models were the most successful image segmentation technique. It could be
categorized into three types; edge based, region based and higher level knowledge
based. Their research introduced a region competition-based active contour model
which is used to segment thick vessels. For thin and weak vessels, they defined the
vascular vector field. Finally, their method also used curvature strategy to smooth the
surface of the vessel. This method was developed to extract the vessel tree in the lung,
liver and coronary artery from high solution medical images such as MRI and CT scan.
For the method evaluation, the experimenters compared their method with the classic
active contour models. There are GAC, CURVES and C-V. The test dataset was the
simulated cylindrical body connected with five sizes of tubes. GAC and CURVES could
extract only three out of five tubes while the C-V could not segment the thin tube and
the proposed model could segment all five tubes. The experimenter also tested the
model with real dataset which was the vessel tree of liver images. The proposed model
and C-V could extract the small artery in high details while GAC and CURVES model
performed poorly. The experimenter discussed that because GAC and CURVES are
edge-base models, their performance dropped for weak edges of thin and weak vessels.
C-V and the proposed model are region-based active contour models so, they used the
intensity of the vessel to detect the boundary which were robust for small vessels.
Moreover, the proposed model had higher accuracy than the C-V model because it
adopted the vascular vector field to detect the thin vessel. However, the computation
speed of proposed model is slower when compared with the other model. It uses 8
minutes for 120 slice volume.

Zou et al. [13] is the one who researched about the vessel segmentation by using the
rule-based method. They proposed a consecutive scanline tracking method which was
fitted by using the vessel profiles such as vessel central point, radius, edge, location and
direction. An adaptive tracking strategy was adapted with this model to determine the
appropriate stopping criteria. Besides, the models also use look-ahead detection scheme
to detect the continuous point of the same vessel. The proposed algorithm aimed to
extract the vessel network automatically, without any human interaction and initial
starting point. And it generated the patient’s vessel model by using the geometric
information. The consecutive scanline is a significant method for the tracking process.
Their research used five scanlines to detect central points of the blood vessel. Those
central points would be fitted by a quadratic function which could calculate the
estimated vessel direction. The tracking process might stop when it was disrupted by
noise and poor image quality so, it could not do the tracking until the end of the vessel.
This research developed termination criteria from the knowledge about blood vessel
characteristics in order to help the tracking process determine the appropriate stopping
point. Although the consecutive scanline process was stopped by termination criteria, it
does not mean that it reached the end of the vessel. This research solved this problem by
adopting the look-ahead detection scheme (LAD). It was used to search the possible
continuation points in the same vessel segment. The researcher evaluated their method
by testing it with the synthetic data and comparing it to the previous method. They



reported that their method could provide higher accuracy than the other algorithm and
work well with 2-D subtracted X-ray angiograms (DSAs) of low image quality.

In conclusion, as we mentioned earlier, the volume visualization for the medical image
processing is a useful application for clinicians. The medical image requires the fidelity
which depends on the quality of image and volume rendering algorithm. The Ray-
Casting method is one of the direct volume rendering (DVR) methods that can provide a
high quality image. However, the quality of image is usually compromised with the
performance. Thus, we would implement the Ray-Casting method on the GPU-based
CUDA architecture, which is a parallel computing platform created by NVIDIA. It
allows us to program the multiprocessing units on the graphic card which can improve
the processing performance of Ray-Casting. Another interesting technique is virtual
sampling. This technique generates the virtual sampling points from the actual sampling
points by using the Cubic splines interpolation. It enables us to increase the sampling
rate without increasing the computation cost. Moreover, the rule-based method for
vessel segmentation is also interesting. This technique generates the model fitted by
using a vessel profile. It enables us to extract the blood vessel structure from the
medical image dataset. Besides, it can detect even the weak vessel in the image and
handle the noisy and poor quality image.

Therefore, we propose to develop a framework to segment the location of blood vessels
in the medical images by using the Level Set Method and vesselness function and apply
the Ray Casting algorithm on the segmentation results for the visualization purpose.
Another intention is that we would develop the modified version of Level Set Method in
order to improve the performance and limitation of the conventional LSM. In addition,
we propose to evaluate our framework and modified version of LSM based on the
evaluation criteria from Carotid Lumen Segmentation and Stenosis Grading Challenge
(CLS).

2.2 Technical Issues

In this section, we will discuss the most important methodology for this research. In
order to segment the blood vessels in medical images, we apt for the level set method
(LSM) to distinguish the bones and the vessels in CTA images. We describe the detail
of this technique in Section 2.2.1. After the bones are eliminated, we are to discriminate
the blood vessels from other tissues. The vesselness filter is employed to evaluate how
likely it is for a voxel to belong to the vessel structure. We discuss about this technique
in Section 2.2.2. Next, in Section 2.2.3, we discuss about center line extraction used to
generate the initialization of vessels. Moreover, in order to implement the direct volume
rendering technique, we are interested in Ray Casting technique. We describe the detail
of this algorithm in Section 2.2.4.

2.2.1 Level Set Method

Level Set Method (LSM) was introduced in 1998 by Osher and Sethian [14]. This
technique is used to identify the boundary of the objects in the image and distinguish
between foreground and background. At present, many research works are applying this
technique to the medical images to segment the organs boundary [15, 16, 17].

The concept of this method is representing the boundary of the objects by using the
contour of the surface at zero level. This surface is called level set function. This
method runs iteratively, in order to evolve the surface until the contour at zero level



reaches the specific boundary. The evolution of surface depends on the forces which
drive the surface to expand and shrink. The development of surface directly affects the
contour shape to split and merge.

In this section, we discuss about two types of Level Set Method. There are edge based
and region based active contour models. In order to describe the equations and explain
how the model works, we exemplify the geometric active contour model based on the
mean curvature motion to represent the edge based active contour model and active
contour without edge to represent the region based active contour model. Moreover, we
show the examples of results and discuss advantages and disadvantages of both
techniques.

2.2.1.1 A Geometric Active Contour Model Based on the Mean Curvature

In the classical active contour model, the evolution of model is based on the edge of the
object. The edge of the object is used to stop the evolution of level set function when
the contour at zero level reaches the boundary of the desired object. The edge detector
function depends on the gradient of the image. Equation 2.1 shows the example of edge
detector function, where I(x) represents the intensity value of input image at location x
and G(x, o) represents the Gaussian function. The gradient of the image |VG(x, o) *
I(x)| is high at the boundary of the object where the intensity value of the object and
intensity value of background are different. So, g(x) becomes closer to zero at the
boundary of the object and closer to one inside the object.

1
90 = 14 |VG(x,0) * 1(x)]
where G is the Gaussian function.
1(x) is the intensity value of an input image at location x.
Equation 2.1 Edge detector function

Ve (x) )

k(x) = div(IVd)(x)l

where ¢ is the level set function.
Equation 2.2 Mean curvature

d¢ (Vo
ar = 91vol (d“’(|v¢>|) + U)
where g is the edge detector function.
v is the constant parameter.
Equation 2.3 First derivative of ¢ with respect to t based on mean curvature

The mean curvature k is defined by Equation 2.2. k(x) represents the curvature of the
level set function ¢ which passes through the location x.

The evolution of level set function which is based on the mean curvature motion is
defined by Equation 2.3 where the mean curvature x is the main force which drives the
evolution of the level set function while g is the stopping function used to terminate the
evolution when the contour at zero level reaches the boundary of the desired object.
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v is the parameter which controls the direction and speed of evaluation. The sign of this
parameter affect the evolution of the level set function. If v is negative, the surface
tends to shrink. On the other hand, if v is positive, the surface tends to expand. In
addition the magnitude of v affects the propagation speed.

The gradient of level set function |V¢| is used to control the evolution response around
the border of contour at zero level. Only the border of the contour at zero level evolves
in each iteration while the surface inside and outside the contour does not take the
evolution effect. This term enables the model to control the growth of the contour and
support the stopping function to prevent the contour to leak out the desired boundary by
terminating the evolution process when the contour reaches the desired boundary.

Setting the initial level set function, ¢, appropriately is an important step for edge based
active contour model. Since the stopping function prevents the contour at zero level
from leaking out of the desired boundary, the initial contour of level set function should
be inside or surround the boundary of the desired object. Equation 2.4 shows the
definition of initial level set function, where ¢, is the constant value.

_ (co if xisthelocation of initial point
Po(x) = {—co otherwise
where ¢, is the constant parameter.
Equation 2.4 Initial level set function

An example of input image is shown in Figure 2.1. It is a white spiral image with a gray
background. The initial level set function and initial contour at zero level are shown in
Figure 2.2. Figure 2.3 shows the results of the geometric active contour model based on
the mean curvature after 500, 1,000, 2,000 and 4,000 iterations, respectively. Figure 2.4
shows the segmentation result and the level set function after the level set method
finishes. For this example, we set the constant parameters v= 0.5.

(1 ¢(x)=0
Ioutput(x) = {0 ({b(x) <0
where ¢ is the level set function.
Equation 2.5 Relationship between level set function and segmentation result.

Equation 2.5 defines the relationship between level set function and segmentation result.
Where I,,¢0¢ (x) represents the intensity value of segmentation result at position x.

Figure 2.1 An example of clear boundary input image
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Figure 2.2 An initial surface of Level Set function (left),
Contour at zero level of initial surface (right)
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Figure 2.3 The contour at zero level after 500 iteration(a), 1,000 iteration(b),
2,000 iteration(c), and 4,000 iteration(d)
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Figure 2.4 The final surface of Level Set function (left),
The segmentation result (right)

The advantage of this technique is that it can be used to segment only the boundary of
the desired object by setting the appropriate initial level set function. As this model
applies the edge detector as a stopping function and the gradient of level set function to
control the evolution at the border of contour at zero level, the evolution process can be
terminated when the contour at zero level reaches the desired boundary. So, we can use
this technique to segment only the desired object, even though there are many objects
on the foreground image.

However, this technique is not appropriate for the segmentation of objects which have
unclear boundary. As the stopping function g depends on the gradient of the image, the
unclear boundary causing the stopping function is not closer to zero on the edges of the
object and it cannot be used to terminate the evolution of level set function. In addition,



12

this technique is not robust to the noise. If the input image is very noisy, the Gaussian
filter has to be strong to remove the noise; in so doing, the object edges are also
removed.

2.2.1.2 Active Contour without Edge

The active contour without edge technique is one of the most widely used level set
methods. This technique still works well even though the edge of the segmented object
is unclear.

Before covering the active contour without edge technique, it is appropriate to introduce
the notations that are used throughout this section

¢ represents the level set function

Q represents the image domain. In this term, the image domain is 2-Dimension
for one image and 3-Dimension for the whole dataset.

x represents the specific location: (x,y) for 2D and (x,y,z) for 3D

The area of the contour at zero level, ¢ > 0, is defined by Equation 2.6 and
length of edge around the contour, ¢ = 0, is defined by Equation 2.7.

Area{¢p = 0} = f|VHO(¢(x))|dx
0

Equation 2.6 Area of contour at zero level
Length{¢ = 0} = f|VHO(¢(x))|dx
0

= f b (gb(x))V(i)(x, y)dx
0
Equation 2.7 Length of contour at zero level

Where H,(x) is step function which is defined by Equation 2.8. And Dirac delta
function 8, () is first derivative of Hy () with respect to y

d
HGO=p X200 = - H)

Equation 2.8 Step function Hy(y) and Dirac delta function &, (x)
Active contour without edge is proposed by Chan-Vese [18]. This technique focuses on

minimizing an energy function by using the region properties. The energy function is
shown in Equation 2.9.
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Ec(cr,c0 @) = - E(p) +v-A(P) + A P(cy, ¢z, )

E.(c1, ¢ 8) = f 5.((O)V()dx + v f H,($())dx

) K0J

+a, [ 1) = e Ho(9(0)dx
n

+1, [ (G = (1 - H(p0)ax
)
Equation 2.9 The energy function of Chan-Vee model

(.(6) = /s 1(x)H(p(x))dx
[, He(¢p(x))dx

Equation 2.10 Definition of average intensity value inside the contour

J, 16 — He(¢p(x)))dx
J, = Hy(¢p(x)))dx

Equation 2.11 Definition of average intensity value outside the contour

c,(¢) =

Where I(x) is the intensity value of input image at position x, ¢, andc, are the average
intensity value inside and outside the contour respectively. The definition of ¢, and c,
are defined by Equation 2.10 and 2.11. u, v, A; and A, are the constant parameters
which control the sensitivity of each term.

The energy function consists of three terms, Edge term E(¢) , Area term A(¢) and
Propagation term P(cy,c,, ¢). Minimization of this energy function means that we
would like to find the area where the deviation of intensity value inside and outside the
contour is minimized while the area and the length of edge of this area are also
minimized.

By solving the Euler-Lagrange equation, we obtain the equation which explains the
evolution of level set function over the time as defined in Equation 2.12.

0 %
a—‘f = 5.(¢) [udiv <IV_$I) —v =4I =¢;)? + 1,(I = ¢,)?
where &, is the Dirac delta function.

¢ is the level set function.

I is the intensity value of input image.

u,v,A; and A, are the constant parameters.

c, Is the average intensity value inside the contour.

c, Is the average intensity value outside the contour.

Equation 2.12 First derivative of ¢ with respect to t
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1 0
5.(x) = Z[l + cos (?X)] lxl <e
0 x| > ¢
where ¢ is the constant parameter.
x is the input value.
Equation 2.13 Dirac Delta function

Since v is the parameter which controls the sensitivity of Area term, the sign of this
parameter affects the evolution of the surface. If v is negative, the surface tends to
expand. On the other hand, if v is positive, the surface tends to shrink.

Dirac delta function §.(¢) is used to stimulate the evolution response around the border
of contour at zero level. That means the area around the border of contour takes the
evolution effect more than other parts of the surface. In the conventional Dirac delta
function, only the border of the contour at zero level evolves in each iteration while the
surface inside and outside the contour does not take the evolution effect, as defined in
Equation 2.13. Chan-Vese [18] introduce the Dirac delta function which allows the
surface inside and outside the contour to take the evolution effect. He suggests that the
modified Dirac delta function allow the model to obtain the global minimizer. The
modified Dirac delta function is defined by Equation 2.14. Figure 2.5 depicts the
comparison between conventional Dirac delta function and modified Dirac delta
function where d1 (solid line) represents the conventional Dirac delta function which
€=1.5 and d2 (dash line) represents Chan-Vese’s Dirac delta function which £=1.5/m.
Notice that the value of conventional Dirac delta where |y| > ¢ are equal to zero, while
the value of modify Dirac delta where |y| > & are more than zero.

1
5:.(0) = we\ 1, ()_()2
&
where ¢ is the constant parameter.
x is the input value.
Equation 2.14 Chan-Vese’s Dirac delta function [18]
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Figure 2.5 Comparison between conventional and modified Dirac delta function [19]

As u is the parameter which controls the weight of Edge term, the value of u affects the
characteristic of the model. If w is large, the model will try to strictly minimize the
length of boundary of the contour.
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The Propagation term is the major force which drives the evolution of surface. This
term controls the characteristic of the model which attempts to minimize the deviation
of intensity value inside and outside the contour at zero level.

Setting Initial level set function is not strict for the region based active contour model.
As the model does not base on the boundary of the object, we can set the initial contour
of level set function everywhere on the image. At the end of the process, the model can
specify the boundary of all objects in the foreground image. Chan-Vese introduces the
initial level set function which does not need the reinitializing process while we perform
the level set method. The conventional level set function uses the reinitializing process
to prevent the level set function from becoming too flat. Equation 2.15 shows the
definition of Chan-Vese’s initial level set function, where x, and y, are the location of
the center point and r; is the radius of the initial contour of level set function. Notice
that there is no flat surface over the initial level set function.

bo(x,y) = = (x — %)%+ (¥ —y0)2 + 719
where ¢, is the initial level set function.
Xo and y,are the location of the center point.
1o 1S the radius.
x and y are the specific location.
Equation 2.15 Chan-Vese’s initial level set function

An example of input image is shown in Figure 2.6. It is an image of two balls of which
the boundary is unclear. The initial level set function and initial contour at zero level are
shown in Figure 2.7. Figure 2.8 shows the results of active contour without edge after
500, 1,000, 2,000 and 4,000 iterations, respectively. Figure 2.9 shows the segmentation
result and the level set function after the level set method finishes. For this example, we
set the constant parameters v= -0.5, u=1, 1; = 4, =1 and &=1.5/m. The relationship
between level set function and segmentation result is defined in Equation 2.5.

The advantage of this technique is that it can define the object boundary even though
the boundary is unclear or there is no edge around the object, as shown in Figure 2.6.
This is because this technique uses the information based on the region properties
instead of the stopping function based on the gradient of image. In addition, this
technique is also robust to noisy images. Moreover, the initial level set function can be
set everywhere on the image. Since this model allows the contour at zero level to grow
over the image domain, the model can find the suitable boundary of the object of which
the deviation of intensity value inside and outside the contour is minimized

However, this technique is not appropriate to segment the desired object in the image
which has many objects in foreground. Due to the fact that the active contour without
edge focuses on minimizing the energy function by using the region properties, if we
perform this method until the end or meet the convergence point, this method will
segment all objects in the foreground, rather than segment only the desired object. There
IS no appropriate parameter used to terminate the evolution of level set function when
the contour at zero level reaches the desired boundary.
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Figure 2.6 An example of unclear boundaries input image

Figure 2.7 An initial surface of Level Set function (left),
Contour at zero level of initial surface (right)
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Figure 2.8 The contour at zero level after 500 iteration(a), 1,000 iteration(b),
2,000 iteration(c), and 4,000 iteration(d)
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Figure 2.9 The final surface of Level Set function (left),
the contour at zero level (right)
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2.2.2 Vesselness Filter

The vesselness filter was proposed by Frangi et al. [20] in 1998. This filter applies the
Hessian matrix to extract features form image data. Not only can it measure how likely
it is for a point to belong to vessels, but it can also detect the orientation of the vessels
by using the eigenvalues and eigenvectors from the Hessian matrix.

The vesselness filter uses two properties of the vessel to evaluate the likelihood of point
that belongs to vessels. The first property is the intensity value of that point and its
neighbors are stable through the vessel direction. The second property is the intensity
value of that point and its neighbors are changeable in the normal direction of the
vessel. In addition, the vesselness filter also adopts the Gaussian filter which enables it
to collect the intensity value information form the neighboring points and makes it
resists to noises.

The vesselness filter is a voxel-based filter; every voxel in the dataset is calculated to
evaluate the vesselness value. So, the computation time depends on the number of voxel
in the dataset.

1 _(x?+y?42?)
G(x,0) =———e 202
VJ (2mo?)
where o is the parameter for Gaussian function.
x is the specific location in a 3D space.
Equation 2.16 3-Dimension Gaussian function

Lix(x) Ly (%) Lz (x)
H(x) = Iyx(x) Iyy(x) Iyz(x)

Lx(x)  Ly(x)  Iz(x)
Equation 2.17 Hessian Matrix

_[0%G(x,0) ,
Ly (x,0) = | —5--— | * 071 (x)

where G is the Gaussian function.
y is the normalized paremeter.
1(x) is the intensity value of the image data at location x.
Equation 2.18 Element of Hessian Matrix

The Hessian matrix for each voxel is shown in Equation 2.17 and 2.18. x represents a
voxel location in 3D space, I(x) is the intensity value of the image data at location x,
G(x,0) is the 3-Dimention Gaussian function which is defined as Equation 2.16 and y
is the normalized parameter [20] which is important in the case that we want to compare
the response of different operators at multiple scales.

The vessel filtering process starts by calculating the Hessian matrix of each voxel. Each
element of Hessian matrix is the second derivative of Gaussian function convolution
with the intensity value of image data. Then, we can calculate the eigenvalues and the
eigenvectors from the Hessian matrix. For the Hessian matrix in 3-Dimention, there are
three eigenvalues 1,4, and A5 and three eigenvectors v,, v, and vs. The eigenvalues
are sorted as show in Equation 2.19.
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1] < 1221 <1451
where 14,4, and A5 are the eigenvalues.
Equation 2.19 Order of eigenvalues

Normally, if we measure the vesselness of bright vessel on a dark background, a voxel
which belongs to the vessel has A, that is very small and nearly zero while A, and A5 are
negative but their absolute values are large and both of them are nearly equal, as shown
in Equation 2.20. The possible patterns in 3D space for eigenvalues [20] are
summarized in Table 2.1.

|4, = 0
|41] <12, |
Ay, = A3
where 14,4, and A5 are the eigenvalues.
Equation 2.20 The pattern of eigenvalues for a voxel which belongs to the vessel

Table 2.1 Possible patterns in 3D space [20] (H=high, L=low, N=noisy, usually small,
+/- indicate the sign of eigenvalues)

Ay A5 Orientation Pattern

=

N N Noisy, no preferred direction
L H- Plate-like structure (bright)
L H+ Plate-like structure (dark)
Tubular structure (bright)
H+ H+ Tubular structure (dark)
Blob-like structure (bright)
Blob-like structure (dark)

IIrrrrzs
T+ T
T+ T

+
I
-+
T
-+

In order to identify the tubular structure, there are three measures which make use of the
eigenvalues.

The first measure Ry is used to identify the pixel which belongs to the blob-like
structure but it cannot distinguish between a line and plate-like structure. Response from
this measure will be large when the pixel belongs to blob-structure. The equation is
shown in Equation 2.21.

4
Volume/ (?) 1241

R = =
B™ (Largest Cross Section/m)3/? [12,25]
where 44,1, and A5 are the eigenvalues.
Equation 2.21 First measurement to evaluate blob-structure

The second measure R, is used to solve the drawback of the first measure. It can
distinguish between plate-like and line structure. Response from this measure will be
zero if the pixel belongs to line structure, as shown in Equation 2.22.

_ (Largest Cross Section Area) /m _ |1,|

47 (Largest Axis Semi — length)? ~ |As]

where A4, 4, and A5 are the eigenvalues.
Equation 2.22 Second measurement to distinguish between plate-like and line structure
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The final measure S makes use of the prior knowledge in which the vessel structure in
the medical image is usually brighter than the background. So, this measure is used to
distinguish the background from the foreground. Response of the measure will be low
in the background meaning that there is no structure present. The equation is shown in
Equation 2.23 where D is the dimension of the image.

2
j<D
where 4; is the eigenvalue.

Equation 2.23 Third measurement to distinguish the background and the foreground

In order to combine the advantage of those measures, Frangi et al. introduce the
vesselness function [20] as shown in Equation 2.24.

0 if A, >00rA3>0
(1 - exp(- Py yexp(- Ky (1 — exp(— )

2a? 232 2c?
where A, and A; are the eigenvalues.

a, f and c are the constant parameters.
Equation 2.24 Vesselness measurement model

v(x,0) =

According to the equation, a, and c are constants which are used to control the
sensitivity of those measures. The response of vesselness function will be maximized
when the property of the pixel follows all three criteria.

- A voxel should not be likely to belong to a blob-like structure. So, response
of the first measure Ry is low.

- A voxel should belong to a plate-like structure. On the other hand, it should
not belong to a line structure. So, response of the second measure R, is
high.

- A voxel should not belong to the background and has intensity value higher
than the background. So, response of the third measure S is high.

Vmulti-scale (x) = maax U(xr 0)
where v is the vesselness response.
o is the scale factor.

x is the specific location.
Equation 2.25 Multi scale vesselness response

The response of vessiness function also depends on the value of scale factor, a. It will
be maximized when the scale factor matches the size of the detected vessel. So, in order
to filter the multiscale vessels, we compare the vesselness response from every scale
value as shown in Equation 2.25

2.2.3 Center Line Extraction

The center line extraction or vessel thinning is the process that we use to specify the
voxel which lies at the center of the vessels. In this process, we apply the Non-
maximum Suppression technique. According to the vessel filter process, the vesselness
response of the voxels at the center of the vessels is usually higher than the vesselness
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response of the voxels at the border. So, the voxel will be suppressed if its vesselness
response is smaller than the vesselness response of any neighbor around it in the vessel

orientation.

In a 3-Dimension space, there are 13 major patterns of surrounding neighbor which are
summarized in Table 2.2. The first column is the orientation of the vessels which can be
identified by using the first eigenvector of Hessian matrix which is usually
perpendicular to the vessels orientation, as shown in Figure 2.10. The second column is
the list of the neighbors surrounding in corresponding orientation. The example of
neighbor patterns is shown in Figure 2.11 where the arrow represents the direction of
vessels orientation and the boxes represent the neighbors.

%)

7z

Ay
\/

/A

U3

Figure 2.10 The orientation of ideal tubular structure and direction of eigenvectors

Table 2.2 Patterns of surrounding neighbor [21]

Or\i/eer?:;lison Surrounding Neighbors
(0,0,1) |(0,1,0), (1-1,0), (L 0,0), (L 1,0), (-1-1, 0, (-L, 0, 0),(-1, L, 0), (0.-L, 0)
(0,1-1) | @1 1), (1,11, (L0,0), (L, L 1), (-L-1-1), (-1, 0,0),(-L, L, 1), (0,-1,-1)
(0,1,0) |(0,0,1), (1, 0-1), (L, 0, 0), (1, 0, 1), (-1, 0.-1), (-1, 0, 0),(-L, 0, 1), (0, 0.-1)
(0,1,1) | (0 1-1), (1-1, 1), (L 0,0), (1, L-1), (-1-1, 1), (-1, 0, 0).(-L, 1-1), (0,-1, 1)
(1-1-1) | (0, 1-1), (1,0, 1), (1, 1, 0), (-1.-1, 0), (-1, 0,-1), (0,-1, 1)
(1-1,0) | (0,0,1), (1, 1-1), (1, L, 0), (L 1, 1), (-1-1,-1), (-1,-1, 0).(-1-1, 1), (0, 0.-1)
(1-1,1) | (0 1,1), (L, 0-1), (1, 1, 0), (-1.-1, 0), (-L, 0, 1), (0.-1,-1)
(1,0-1) | (0, 1,0), (1-1,1), (1,0, 1), (L 1, 1), (-L-1,-1), (-1, 0,-1).(-L, L,-1), (0.-L, 0)
(1,0,0) |(0,0,1), (0, 1-1), (0, 1, 0), (0, L, 1), (0.-1.-1), (0,-, 0), (0.-L, 1), (0, 0,-1)
(1,0,1) | (0 1,0), (L-1-1), (L 0-1), (1, L-1), (-1-L 1), (-1, 0, 1),(-L, L, 1), (0.-1, 0)
(L1-1) |0 L 1), (1-10), (L 0,1), (-1, 0-1), (-1 L, 0), (0,-1.-1)
(1,1,0) | (0,0 1), (1-1-1), (L-L, 0), (L-L, 1), (-1, 1,-1), (-1, 1, 0)(-L, 1, 1), (0, 0.-1)
(L1.1) | (L1 1) 1-1), (1-1,0), (L 0-1), (- 0, 1), (-L 1, 0), (0,-1, 1)

‘ y |
TP T ﬁ"D

Figure 2.11 The example of neighbor patterns

[Source: Zhong. Y., Extracting Vessel Structure From 3D Image Data, p. 51]
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2.2.4 Ray Casting Algorithm

Ray Casting Algorithm is one of the Direct Volume Rendering methods used to
generate the three dimensions model image. The input of this algorithm comes from the
medical image, for example MRI and CT scan image. The images are stacked to
generate the point cloud. This algorithm uses the light principle to generate the
visualization. When the light shines through the object, its shadow is created on the
screen. This algorithm uses the shadow to specify the shape of the 3D model. By
adjusting the transfer function, the user can determine the transparency of the object,
which allows the user to segment the organs in question. For example, given the dataset
of legs of which bones are covered with skin and tissue, the user can specify the skin as
highly-transparent objects and the bones as low-transparent objects. The result image
will visualize the leg bones from the medical image data. After the shadow of the object
is created, the shading technique is adopted. Shading technique can stimulate the
refraction of light which causes a virtual image to look like a real object. Finally, the
medical visualization image will appear on the output screen. There are five processes
of Ray Casting algorithm [22], data preparation, classification, shading, sampling and
composition.

Data preparation is the first process of Ray Casting algorithm. The medical images are
usually kept in the standard medical format called “Dicom file”. Dicom is a standard for
handling, storing, printing, and transmitting information in medical imaging [23]. It
consists of two parts, header and medical image data. The header part records the
information about the patient such as name, gender, age and the information of the
medical image such as the kind of imaging technique, part of body, slice thickness and
image dimension. The medical image data are stored in the second part. This process
will extract the medical image data from the Dicom files and rearrange in the three
dimensions array. We will refer to this array as the “point cloud” throughout the
research. Each point in the point cloud can be accessed by using the Cartesian
coordinate system. After the point cloud has been created, the user can adjust the
brightness and contrast of the data by using Equation 2.26. Adjusting brightness and
contrast allows the user to see data in the medical image clearly. After that, the prepared
point cloud will be sent to the next process.

fo =cf, +b
where f, is the intensity value before the adjustment.
b is the brightness parameter.
c is the contrast parameter.
Equation 2.26 Brightness and contrast adjustment

Classification process is the organ segmentation process. After the point cloud has been
prepared in data preparation process, each point in point cloud will be classified to
determine the organ segment. Each pixel in the medical image represents the intensity
value in Hounsfield unit (HUs) [24]. The range of value is between -1,000 to 3,000 so it
is kept into two bytes. The intensity value also represents the density of element in the
medical image. For example, water is mapped to 0 HUs, air is mapped -1000 HUs and
bones are mapped to 45-3000 HUs. Equation 2.27 shows the relationship between the
density of element and the intensity value in Hounsfield unit, where p represents the
density value of element and uH20 represents the density value of water.
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HU = ¥#%29 4 1 000
H,O0

HH>
where U is the density value of an element.

Equation 2.27 Relation between density of element and intensity value in Hounsfield unit

Table 2.3 Hounsfield value for selected tissue types [24]

. Hounsfield Value
Tissue Type Interval
Air -1000
Lung tissue -900 to -170
Fat tissue -220 to -30
Water 0
Pancreas 10to 40
Liver 20 to 60
Heart 20to 50
Kidney 30to 50
Bones 45 to 3000

The intensity value of each pixel in point cloud will be converted to an opacity value by
using the transfer function. The range of opacity value is between 0 and 1 and it
represents the transparency of the object. That means, the pixel with a high opacity
value is an object with low transparency. Its shadows will be created on the screen
where the light can shine through. On the other hand, the pixel with a low opacity value
shows an object with high transparency. Equation 2.28 shows the transfer function
which is called “isovalue contour surfaces”

p 1 if IVf(x)| = 0and f(x;) = f,
|
_ _ilase| i If ()l > 0 and f(x) = rIVf (x)l
alx;) = ay 4 1 T V(I < fo < fOx) +7|VF (x|
0 otherwise

where a is the opacity value.
a,, is the upper bound of the opacity value.
f (x;) is the intensity value at location x;.
x; 1s the specific location.
f,» is the intensity value of selected organ.
r is the constant parameter.
Equation 2.28 Isovalue contour surfaces transfer function

The notation a(x;) is the opacity value of each pixel: a,, is the upper bound of opacity
value; f(x;) is the intensity value of each pixel; f, is the intensity value of selected
organ and |Vf(x;)| is the gradient vector of each pixel in point cloud. From this
equation, the pixel with an intensity value equal to f,, will have the highest opacity value
and the pixel with an opacity value similar to f, will have a lower opacity value
depending on the difference between f,, and f (x;). So, the important parameter in order
to segment the organ in question in the medical image is f,,. Since the intensity value of
the organ varies according the dataset, the user should specify the appropriate f, value
to clearly segment the organ in question, which is quite complicated.
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Shading process is the illusion of light. In order to visualize the medical image in 3D
model image, the direction of light and the shadow of the object are very important. The
effect of light can visualize the 2D image to look like the real object. By adopting
Phong Shading technique [22][24], the shading process can stimulate the reflection of
the light on each point in point cloud. The Phong Shading technique consists of three
components. There are ambient light, diffuse reflection and specular reflection.

Ambient light part is the background color of the light. When the light occurs upon the
surface of the object, it will reflect into the observer’s eyes. The color of the light that
the observer sees is the ambient light. This research assumes that the data point in point
cloud is black so the color of the ambient light is equal to the color of the light. From
Equation 2.29, Cgymy is the reflected intensity, Cj;qp; is the intensity value of the light
and K, is the coefficient of the surface ambient reflectivity. The range of K, value is
between 0 and 1. It specifies how the object’s surface can reflect the light.

Camp = Clight X K,
where C,,,; is the reflected intensity.
Ciignt 1s the intensity value of the light.
K, is the coefficient of the surface ambient reflectivity.
Equation 2.29 The reflected intensity of ambient light

Diffuse reflection is the simulation of the reflected light. Reflection of the light is very
important for medical image visualization because it presents the shape of the object
which makes the virtual image look like the real object. From Equation 2.30 Cy; is the
reflected intensity, K, is the coefficient of surface diffuse reflectivity, N(x;) is the
normalized vector of surface at location x; and L is the normalized vector of light. This
equation shows that if the normalized vector of surface and normalized vector of light
are parallel, the intensity of point will be brightened. On the other hand, if the
normalized vector of surface is perpendicular or opposite the normalized vector of light,
this point will be darkened, as shown in Figure 2.12. The range of K,; value is between 0
and 1. It specifies how the object’s surface can reflect the light.

Caifr = Clignt X Kg X (N(x;) - L)
where Cy;s is the reflected intensity.
Ciignt 1s the intensity value of the light.
K is the coefficient of surface diffuse reflectivity.
N (x;) is the normalized vector of surface at location x;.
x; 1s the specific location.
L is the normalized vector of light.
Equation 2.30 The reflected intensity of diffuse reflection

Figure 2.12 Diffuse reflection from different light directions [25]
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Specular reflection is the model of shiny and grossly surface. It simulates the
characteristics of the surface. The shiny surface can reflect the image of the light source.
From Equation 2.31, C,, is the reflected intensity, K; is the coefficient of surface
specular reflectivity, R is the normalized vector of reflected ray, V is the normalized
vector in direction of the observer, and n is the exponent used to approximate the
highlight. This equation shows that the point of the surface where the normalized vector
of the reflected ray parallel with the normalized vector in direction of the observer will
shine. The range of K, value is between 0 and 1. It specifies how the object’s surface
can reflect the light.

Cspec = Clight X Kg X (R-V)"
where Csp, is the reflected intensity.
Ciignt 1s the intensity value of the light.
K is the coefficient of surface specular reflectivity.
R is the normalized vector of reflected ray.
IV is the normalized vector in direction of the observer.

n is the exponent used to approximate the highlight.
Equation 2.31 The reflected intensity of specular reflection

Observe

N
A \OX

Light

Figure 2.13 N normalized vector of surface, L normalized vector of light, V normalized
vector in direction of the observer and R normalized vector of reflected
ray. [25]

1
C(xi) = Camp + distance (Cdiff + Cspec)

CC) = Camp + L [(Ky X (N(x) * 1)) + (K X (R - V)™)]

where C(x;) is the intensity value at location x;.

Camp 1S the reflected intensity.

Ciign: 1s the intensity value of the light.

Cairy is the reflected intensity.

Cspec 1s the reflected intensity.

K is the coefficient of surface diffuse reflectivity.

N (x;) is the normalized vector of surface at location x;.

x; 1s the specific location.

L is the normalized vector of light.

K is the coefficient of surface specular reflectivity.

R is the normalized vector of reflected ray.
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V is the normalized vector in direction of the observer.
n is the exponent used to approximate the highlight.
Equation 2.32 Phong Shading

The next process is sampling process. The Ray Casting algorithm uses the light
principle to generate the visualization. Each pixel in the output screen is like a ray
caster. The rays are cast and pass through the point cloud and they will sample the point
along the way. The sampling step size is the important parameter in this process. It
specifies the distance between the sampled points and also affects the quality of image
visualization. High sampling step size can produce high quality output image but it
requires more computation time. Very low sampling step size can introduce the artifacts
on the output image. Normally, the straight ray does not pass through the exact point in
point cloud. It will interpolate the sampled point by using the intensity value of nearby
points. Figure 2.14 depicts the rays passing through the point cloud. The intensity value
of sampling point is calculated by using Equation 2.33.

Ray

Sampling point

Figure 2.14 Interpolation the sampled point [22]

f=r (=D (-9 (-D+£ B -H(-5)
0D 0-)+a01-5D)(1-3)
(-8 1-D O+ B (-9 ()

+£E)3)E)+ra-HDe

a a a
where f,, is the intensity value of sampling point

f; 1s the intensity value of point i

a is the distance between point 1 and point 5

p is the distance between point 1 and sampling point along the x-axis

q is the distance between point 1 and sampling point along the y-axis

r is the distance between point 1 and sampling point along the z-axis
Equation 2.33 Interpolation the sampled point [22]

Composition is the final process of Ray Casting algorithm. This process will calculate
the intensity value of each pixel on 3D model image. The range of intensity value is
between 0 and 255, where O represents black color and 255 is white color. After the
sampling process has sampled the data through which each ray passes, the composition
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process will combine the color and opacity of all the data in the ray and paint the result
of intensity value on the output screen. Equation 2.34 shows change of the intensity
value and the opacity value of the light after it passes through the sampling data.

Cour () = Cin(u)(1 — a(x)) + c(x)a(x;)
where C,.:(u;) is the intensity value of the light after it passes through the
sampling point i
Cin(u;) is the intensity value of light before it passes through the
sampling point i
c(x;) is the intensity value of the sampling point i
a(x;) is the opacity value of sampling point i
Equation 2.34 Composition

c(x;) a(x;)

: Cout Cin
o= =

A A A A
Sampling point

Output screen
Figure 2.15 Composition the sampling point along the ray

The notation c(x;) is the intensity value of the sampling point i, a(x;) is the opacity
value of sampling point i and C,,;(u;) is the intensity value of the light after it passes
through the sampling point i, and C;,, (u;) is the intensity value of light before it passes
through the sampling point i. As can be seen in Figure 2.15, before the light passes
through the sampling point, it has an initial intensity value and initial opacity value.
After the light pass through the sampling point, its intensity value and opacity value is
changed by the intensity value and opacity value of the sampling data which it passes
through. The intensity value of light changes when it passes through the sampling point
with the opacity value that is not equal to zero until it reaches the output screen. Lastly,
the intensity value of the light will be painted on the screen.



CHAPTER 3 THE HYBRID LEVEL SET METHOD

In this chapter, we present our version of the Level Set Method (LSM). This modified
version is called Hybrid LSM. The Hybrid LSM is the combination between edge based
and region based active contour model. This modified version combines the advantage
of both algorithm and it also improves the performance of LSM. In Section 3.1, we
introduce the idea of our modified version of LSM. Next in Section 3.2, we describe the
development of the Hybrid LSM. In the last section, we show the benchmark results in
order to compare the Hybrid LSM with the edge based and region based active contour
model. The discussion is also presented at the end of this chapter.

3.1 The Ideas of the Hybrid LSM

Level Set Method is used to identify the boundary of objects in the image and
distinguish between foreground and background. In the classical active contour model,
the evolution of model is based on the edge of the object which we categorize as the
edge based active contour model. The edge of the object is used to prevent the contour
from leaking out the desired boundary by terminating the evolution of level set function
when the contour at zero level reaches the boundary of the desired object. The
advantage of this technique is that it can be used to segment only the boundary of the
desired object by setting the appropriate initial level set function despite several objects
on the foreground image. However, this technique is not appropriate for segmenting
objects which have no clear boundary or segmenting objects from noisy images.

After that, the region based active contour model is introduced to solve the weakness of
the edge based active contour model. This technique still works well even though the
edge of the segmented object is unclear and it is also robust to the noisy image.
Moreover, we can set the initial contour at zero level everywhere on the image. Since
the region based active contour model uses the information based on the region
properties instead of boundary of the object, the model can find the suitable boundary of
the object when the deviation of intensity value inside and outside the contour is
minimized. However, this technique is not appropriate to segment the desired object in
the image containing several objects in foreground. If we perform this model until it
meets the convergence point, this method will segment all objects in the foreground,
rather than segment only the desired object. There is no appropriate parameter used to
terminate the evolution of level set function when the contour at zero level reaches the
desired boundary.

Hybrid LSM is developed in order to segment the boundary of the organs in the medical
images such as, segmenting the bone and specifying the boundary of the vessels in
medical images. Due to the characteristic of the medical images, the organs usually
have unclear boundary. So, applying the edge based active contour model directly does
not work well with medical images. Moreover, the range of intensity value of the
desired organs may overlap with the range of intensity value of the other organ. For
example the range of intensity value of bones overlaps with that of vessel in CTA
images. So, applying the region based contour model directly cannot distinguish the
boundary of bones from the boundary of vessels.

So, the Hybrid LSM is the combination between edge based and region based active
contour models. This modified version preserves the advantages of both original models
while the performance of Level Set Method is improved. This model enables the Level
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Set Method to segment the boundary of the object even though the edge of the
segmented object is unclear and robust to the noisy image. In addition, this modify
version can segment only the boundary of the desired object by setting the appropriate
initial level set function. Moreover, the Hybrid LSM can reach the convergence point
faster than both original models with more accuracy. Table 3.1 shows the overview
comparison of characteristic between Hybrid LSM, edge based and region based active
contour model.

Table 3.1 Characteristic of Hybrid LSM, edge based and region based active contour
model

Hybrid | Edge | Region

Characteristic LSM based | based

Depend on gradient of the image v

Depend on region properties v v
Segment object which has unclear boundary v v
Segment only desired object v v
Robust to noisy image v v

d¢ .

= =P div(d,(1V¢])V¢)

Vo
+ 5.(¢) [u - div (ﬁ> —v—A4U=-c)?+ 21, - cz)z] g

where p,u,v, ¢, 1; and A, are the constant parameters.
div(d,(|V$|)Ve) is the regularization term.
& is the Dirac delta function.
¢ is the level set function.
c, Is the average intensity value inside the contour.
c, Is the average intensity value outside the contour.
g is the stopping function.
I is the intensity value of input image.

Equation 3.1 First derivative of ¢ with respect to t for Hybrid LSM

The evolution of level set function over the time for Hybrid LSM is shown in Equation
3.1. The Hybrid LSM is developed by modifying four parts of conventional Level Set
method. There are stopping function g, initial level set method, Dirac delta function
d.(¢) and reinitializing function.

Stopping Function, g is replaced by our modified version which is based on the region
properties of image instead of gradient of the image. The modified stopping function
enables the Hybrid LSM to segment the object which has unclear boundary. The initial
level set method and Dirac delta function, 6.(¢) are chosen from the conventional edge
based active contour model. They help to control the evolution of level set function and
enable the Hybrid LSM to segment only the desired object. The modified stopping
function g and Dirac delta function 5.(¢) are applied in this equation by multiplying
with the equation. Reinitializing function is replaced by regularization term,
div(dp(Ingl)Vd)) as suggested by Li et al. [19] which helps prevent the level set
function from becoming too flat and improve the speed of LSM. We embed the
regularization term by adding it in front of the equation. Section 3.2 describes the
development of Hybrid LSM in more details.
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3.2 Development of Hybrid LSM

In this section, we describe the detail of Hybrid LSM. In order to explain how we
develop this modified version, we separate the modified process into four parts. There
are stopping function, initial level set function, Dirac delta function and reinitializing
function. In each part, we compare and contrast the Hybrid LSM with both original
models and show a pseudo code of the modified part. At the end of this section, we
show the pseudo code of Hybrid LSM

3.2.1 Stopping Function

For the edge based active contour model, the stopping function is based on edge of the
object. This technique applies the edge detector function, which depends on the gradient
of the image, to find the boundary of the objects. Equation 2.1 shows the example of
edge detector function. g(x) becomes closer to zero at the boundary of the object where
the intensity value of the object and intensity value of background are different and
closer to one inside the object. Edge based active contour model applies the stopping
function by multiplying the evolution of level set function over the time by g(x), as
shown in Equation 2.3. So, g is used to control the evolution of level set function and
terminate the evolution process when the contour at zero level reaches the boundary of
the desired object. Edge based active contour works well if the desired object has clear
boundary. On the other hand, if the desired object has unclear boundary, the stopping
function is not closer to zero on the edges of the object and it cannot be used to
terminate the evolution of contour at zero level.

The region based active contour model does not have the explicit stopping function but
this model aims to minimize the deviation of intensity value inside and outside the
contour. The process is stopped when it reaches the convergence point where the
boundaries of all objects in the foreground are segmented. With this property, this
model can segment the boundary of the object in spite of the object’s unclear boundary.
However, we cannot use this model to segment only the desired object in the image
containing many objects in the foreground, since there is no stopping function used to
terminate the evolution of level set function when the contour at zero level reaches the
desired boundary.

The Hybrid LSM is developed in order to combine the advantage of both edge based
and region based active contour models. We introduce the modified stopping function
which is based on the region properties of the image instead of gradient of the image.
Equation 3.2 shows the definition of modified stopping function, where c¢; andc, are
the average intensity value inside and outside the contour, respectively and where A,
and A, are the constant parameters. g(x) is equal to one inside the boundary of the
object in the foreground and equal to zero at the background. The stopping function can
be adjusted in each iteration depending on the value of ¢; andc,. This modified stopping
function can solve the problem of the object’s unclear boundary. The Hybrid LSM
applies the modified stopping function by multiplying the evolution of level set function
over the time by g(x) as shown in Equation 3.1. So, the modified stopping function is
used to control the evolution of level set function and stop the evolution process when
the contour at zero level reaches the boundary of the desired object.
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_ (1 if =000 —c)? + U (x) —c)? > 0

g(x) = .
0 otherwise

where A; and A, are the constant parameters.

c; Is the average intensity value inside the contour.
c, Is the average intensity value outside the contour.
I is the intensity value of input image.
x 1s the specific location.

Equation 3.2 Modified stopping function

Table 3.2 Comparison of stopping function between Hybrid LSM, Edge Based and
Region Based active contour model

Method Equation
1
Edge Based glx) = T Ve, o)+ 1)
Region Based Implicit stopping function
Hybl’ld LSM g(x) — {1 lf - /11(1(X) - C1)2 + 22 (I(X) - Cz)z > 0
0 otherwise

3.2.2 Initial Level Set Function

Setting the initial level set function appropriately is an important step for the edge based
active contour model. Since the model evolves the level set function until the contour at
zero level reaches the boundary of the desired object, the initial contour of level set
function should be inside or surround the boundary of the desired object. We can use
this property to segment only the desired object in the image which has many objects on
the foreground. Nevertheless, the region based active contour model does not strict the
location of initial contour at zero level. The model allows us to set the initial contour
everywhere on the image because at the end of the process, the model can specify the
boundary of all objects in the foreground image. Chan-Vese [18] introduce the initial
level set function as defined in Equation 2.15. Notice that there is no flat surface over
the initial level set function which supports the region based active contour model to
omit the reinitializing process.

In order to preserve the advantage that the model can segment only the desired object by
setting the appropriate initial level set function, the Hybrid LSM chooses the way to
initial level set function as the edge based active contour model.

Table 3.3 Comparison of initial level set function between Hybrid LSM, Edge Based
and Region Based active contour model

Method Equation
C if xis the location of initial point
Edge Based Po(x) = {_go 0]; horwise f p
Region Based Po(x) = —J(x —x0)2 + (Y — yo)2 + 1,
. c if x is the location of initial point
Hybrid LSM bo(x) = {_20 Of; s the f P
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3.2.3 Dirac Delta Function

Dirac delta function is used to simulate the evolution response around the border of the
contour at zero level. The conventional Dirac delta function allows only the border of
the contour at zero level to evolve in each iteration, as shown in Equation 2.13. This
Dirac delta function supports the stopping function. As the evolution occurs only around
the border of the contour, the stopping function can terminate the evolution process
when the border of the contour reaches the boundary of the desired object where g(x)
becomes closer to zero.

Chan-Vese [18] introduce the Dirac delta function which allows the surface inside and
outside the contour to take the evolution effect. He suggests that the modified Dirac
delta function allow the model to obtain the global minimizer. However, this Dirac delta
function does not support the stopping function. Since this Dirac delta function allows
the surface outside the contour to evolve in each iteration, the contour at zero level can
leak out of the boundary of the desired object.

The Hybrid LSM chooses to apply the conventional Dirac delta function. This is to
preserve the advantage that this function can support the stopping function to prevent
the contour at zero level from leaking out of the boundary of the desired object.

Table 3.4 Comparison of Dirac delta function between Hybrid LSM, Edge Based and
Region Based active contour model

Method Equation
1 Y
Edge Based 5.(x) = { g [1+cos (?)] Xl <e
0 x| > ¢
Region Based 5.0 = —| —2
egion Base () = — :
3 )_(
\i (9
Ty
Hybrid LSM 5.(x) = { g [1+cos (?)] Xl <e
0 x| > e

3.2.4 Reinitializing Function

e = sign(¢(6)) (1 — [V )
where 1, is the reinitializing function at the steady state.
Y; is the reinitializing function at iteration i.
i is the iteration.
¢ (t) is the level set function at time t.
sign(+) is the sign function.
Equation 3.3 Conventional reinitializing function

The reinitializing process is used to prevent the level set function from becoming too
flat by applying this process periodically during the evolution process. The level set
function is flat when most of the surface does not belong to the zero level. The flat level
set function causes premature convergence, especially for models which apply the Dirac
delta function. The conventional reinitializing function is defined by Equation 3.3. The
conventional reinitializing process starts by setting the y,equal to ¢(t) and then
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performs Equation 3.3 until it converges to the steady state. After that, the new level set
function after the application of the reinitializing process becomes 1, where .
represent the reinitializing function at steady state, ; represent the reinitializing
function at iteration i, ¢ (t) represent the level set function at time t and sign(-) is the
sign function. Ideally, the reinitializing process should not change the contour at zero
level and |V, | at steady state should converge to 1. Li et al. introduce the reinitializing
function called Distance Regularized function [19], as shown in Equation 3.4. When
this equation converges to the steady state, the surface inside the band around zero level
becomes the sign distance function and the surface outside the band is flat. This band is
called a signed distance band (SDB). The width of the band is approximately 2c,. The
|Vg| across the band is equal to 1 and values inside the band vary from —c, to c,.
Figure 3.1 left depicts the Distance Regularized function at steady state and Figure 3.1
right depicts the signed distance band (SDB) around the zero level. However, the
reinitializing process does not only take the computation time, it also reduces the
performance of the model. It obstructs the model from obtaining the global minima. Li
et al. introduce to embed the Distance Regularized function to the evolution of level set
function over the time. This term is called regularization term. It helps to prevent the
level set function from becoming too flat and also helps maintain the signed distance
property |V¢| =1 around the zero level. In addition, embedding the regularization term
can replace the reinitializing process which helps to improve the speed of LSM. Chan-
Vese [18] introduce the region based active contour model for which the reinitializing
process is optional. They suggest the initial level set function where there is no flat
surface, rather than using the reinitializing function to prevent the flat surface.

As the Hybrid LSM applies the Dirac delta function to contour the evolution of contour
at zero level and the initial level set function is a flat surface, the reinitializing process is
essential. We decide to embed the regularization term as suggested by Li et al. instead
of performing the conventional reinitializing process.

A

At e
i
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Figure 3.1 Distance Regularized function at steady state (left)
and signed distance band (right) [19]
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—sin(2ns) if s<1

P(s) = {2n
s—1 if s>1
P
dy(5) =

Y = Y; + div(d, (IVy; V)
where 1, is the reinitializing function at the steady state.
Y; is the reinitializing function at iteration i.
i is the iteration.
s is the input value.
Equation 3.4 Distance Regularized function

R(x) = div(d,(|Vp(x) DV (x))
where ¢ is the level set function.
x is the specific location.
Equation 3.5 Regularization Term

Table 3.5 Comparison of reinitializing function between Hybrid LSM, Edge Based and
Region Based active contour model

Method Equation
Conventional Reinitializing process
Edge Based .

) P, = sign($(D) (1 — Vi)
Region Based Reinitializing process is optional
. Embed the Regularization term

H LSM .
yorid LS RG) = div(d,(IVp()DV(x))

In conclusion, the evolution of level set function over the time for Hybrid LSM is
shown in Equation 3.1, where p, u, v, 4; and A, are the constant parameters which
control the sensitivity of each term. The modified stopping function g and Dirac delta
function 6. (¢) are applied in this equation by multiplying with this equation in order to
control the evolution of the level set function. The regularization term is added in front
of this equation in order to prevent the level set function from becoming too flat. The
main force of the Hybrid LSM is the Propagation term which controls the characteristic
of the model to minimize the deviation of intensity value inside and outside the contour
at zero level, similar to the region based active contour model.

Figure 3.2 shows the pseudo code of Hybrid LSM. Notice that the line from 19 to 30 is
the refinement process which is similar to the main process (line from 6 to 18). This
process performs after the model reaches the first convergence point in order to refine
the details of the object’s boundary. In the main process, we use the regularization term
to prevent the level set function from becoming too flat. However, the regularization
term obstructs the model from obtaining the global minima. So, we perform the
refinement process which does not use the regularization term. It enables the model to
evolve again until it reaches the next convergence point which usually obtains a better
result.
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Level Set Method (LSM)

Input : input image, initial contour
Output: level set function ¢,

1 ¢ = level set function

2 | = input image

3 Q = image domain

4 ¢ = & initial level set function

5 Setting the constant parameters p, u, v, 4; and A,

6 REPEAT

7 FOR EACH x € QDO

8 compute the reinitializing function, R (x) using Equation 3.5

9 compute g(x) using Equation 3.2

10 compute &, (¢ (x)) using Equation 2.13
— i, (VO

11 E(x) = div (|V¢(x)|)

12 compute ¢, using Equation 2.10

13 compute c, using Equation 2.11

14 P(x) = _11(1(35) - Cl)z + /12(1(95) - Cz)z

15 2 =p-RE +6.(p)u-E®) — v+ P(x)]g ()

16 $() = $p(x) + 2 (x)

17 END FOR

18 UNTIL the contour at zero level is stable

19 REPEAT

20 FOR EACH x € QDO

21 compute g(x) using Equation 3.2

22 compute 8.(¢(x)) using Equation 2.13
e V()

23 E(x) = div (—|V¢(x)|)

24 compute ¢, using Equation 2.10

25 compute ¢, using Equation 2.11

26 P(x) = —2,(1(x) = ¢)* + 2,(1(x) = c)°

27 20 = 8. (PO E@) — v + P(0)]g(x)

28 $() = p(x) + ()

29 END FOR

30 UNTIL the contour at zero level is stable
31 RETURN ¢

Figure 3.2 Sequence of Level Set Method

3.3 Method Comparison and Evaluation

In this section, the performance of the proposed method is compared with the original
method, both edge based and region based active contour models by using various types
of input images. The experimental methodology is presented and results are illustrated.
In addition, we discuss the experimental results at the end of this section.

3.3.1 Experiment Methodology

This experiment aims to evaluate the performance of our proposed method by
comparing it with both edge based and region based active contour models. We used the
Distance Regularized Level Set Evolution model introduced by Li et al. [19] to



35

represent the edge based active contour model and Active Contours without Edges
model introduced by Chan-Vese [18] to represent the region based active contour
model. The evolution of level set function over the time of edge based and region based
active contour model are defined in Equation 3.6 and 3.7, respectively.

0p_ v
3¢ = P div(dy (1)) +6.() (u-div (9 7550) v+ )

where p, v, € and u are the constant parameters.
div(d,(|V$|)Ve) is the regularization term.
& Is the Dirac delta function.
¢ is the level set function.
g is the stopping function.

Equation 3.6 First derivative of ¢ with respect to t for
Distance Regularized Level Set Evolution model

d¢

Vv
= = 5. [udiv <IV_$I) o= A, = c)? + (I — )

where u, v, &, 4, and A, are the constant parameters.
&, 1s the Dirac delta function.
¢ is the level set function.
c; is the average intensity value inside the contour.
c, is the average intensity value outside the contour.
1 is the intensity value of input image.
Equation 3.7 First derivative of ¢ with respect to t for
Active Contours without Edges model

The details of input images are shown in Table 3.7. There are various types of images,
for example, the noisy image, clear and unclear boundary object image, multi gray-scale
image and medical image. Table 3.7 also presents the initial contour at zero level, the
referenced boundary of the desired object and the characteristics of input images in each
experiment.

Table 3.6 The constant parameters

Edge based Region based
parameter | active contour | active contour | Hybrid LSM
model model
Co 2 2 2
U 1 1 1
A, Ao - 1 1
v -0.5 -0.5 -0.5
p 0.2 - 0.2
€ 1.5 1.5/ 1.5

For each experiment, the controlled variables were the constant parameters. We set the
constant parameters as show in Table 3.6. The Dirac delta function of the edge based
active contour model and our proposed method were conventional Dirac delta. We set
the e=1.5. While the Dirac delta function of the region based active contour model was
Chan-Vese’s Dirac delta, we set the e=1.5/m. The response of both Dirac delta functions
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were approximately equal, as illustrated in Figure 2.5. The input image, initial level set
function and the referenced boundary of the desired object depended on the experiment.

In order to evaluate the performance of our proposed method, we used the Dice
similarity, Sensitivity and Specification to measure the accuracy of the methods and
used the number of iteration which the model used to reach the convergence point to
measure the speed of the method.

D 2TP
St ((TP 4+ FN) + (FP + TP))
where TP is the number of True Positive pixel.
FN is the number of False Negative pixel.
FP is the number of False Positive pixel.
Equation 3.8 The dice similarity

The definition of Dice similarity is shown in Equation 3.8. Where True Positive, TP is
the number of pixels which is defined as desired object by reference and we can
correctly detect them, False Positive, FP is the number of detected pixels which is not
defined as desired object by reference and FN is the number of pixels which is defined
as desired object but we cannot detect them. Dice similarity is used to measure the
accuracy of our results by comparing them with the references.

number of overlapped contours

, — % 100%
total number of contours in manual segmentation

Equation 3.9 Sensitivity

The definition of Sensitivity is shown in Equation 3.9. It is used to evaluate the
performance of the proposed method. It measures how the model can detect the true
positive pixels in the dataset. High sensitivity implies that the model can detect most of
the pixels of the desired object.

number of detected contours but not in reference
(1 _ ) x 100%
total number of detected contour

Equation 3.10 Specification

The definition of Specification is shown in Equation 3.10. It is used to evaluate the false
positive detection. High specification implies that our results have low false positive
detection.



37

Table 3.7 The input image, initial level set function and the referenced boundary of the
desired object in each experiment.

. Initial contour at Referenced -
No. Input image Characteristics
zero level boundary

1 Clear boundary
image.
Clear boundary and

2 ' multiple objects in
foreground image.

3 Unclear boundary
image.
Unclear boundary and

4 multiple objects in
foreground image.
Multi gray-scale and

S multiple objects in
foreground image.

6 Clear boundary and
noisy image.
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Table 3.7 The input image, initial level set function and the referenced boundary of the
desired object in each experiment. (Cont.)

. Initial contour at Referenced -
No. Input image Characteristics
zero level boundary
Clear boundary,
multiple objects in

7 :
foreground and noisy
image.

8 Unclear boundary and
noisy image.

Unclear boundary,

9 multiple objects in
foreground and noisy
image.

10 . Medical image.

3.3.2 Experimental Results and Discussion

The experimental results are shown in Table 3.8. We performed 10 experiments in order
to compare our modified version Hybrid LSM with edge based and region based active
contour models. In each experiment, we used different input images with different
characteristics.

Column “No.” is the experiment number, column “Number of iteration” is the number
of iteration which the model used to reach the convergence point, column “dice
similarity”, “Sensitivity” and “Specification” show the evaluation of accuracy for each
method. Those results were measured after the model reached the convergence point
and terminated. The convergence point is defined as the point where the contour at zero

level is stable for a period of time.

Figures 3.3-3.7 present graphs which show the change in dice similarity in each
iteration. Solid line represents the results of the edge based active contour model, dot
line represents the results of the region based active contour model and dash line
represents the results of our modified version Hybrid LSM. Dice similarity in each
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iteration measured by comparing the contour at zero level with the referenced boundary
of the desired object. Those graph show the speed of each method to reach the
convergence point and value of Dice similarity at the convergence point.

Table 3.9 shows the segmentation results in each experiment obtained by preforming
our modified version Hybrid LSM, edge based and region base active contour models.
This table also displays the input images and the referenced boundary of the desired
object.

In experiment 1, we aimed to segment the object which had clear boundary. We set the
initial level set function center of the object. All methods could reach the boundary of
the object; however, the region based active contour model had the lowest accuracy
while our modified version Hybrid LSM had the highest accuracy. Notice that all the
methods had the specification result equal to 100 percent which means the all detected
pixels were inside the boundary of the object. As the reinitializing process obstructs the
edge based active contour from reaching the global minima, the model could not specify
the boundary of the object in high detail, especially at the corner of the object. The
Hybrid LSM also faced this problem but after the refinement process the contour at zero
level evolved until it covered all details of the object. The region based active contour
had the lowest dice similarity result because the evolution process was terminated
before the model reached the boundary of the object. The sensitivity result shows that
there were many pixels inside the boundary of the object but this model could not detect
them. So, we can see that the segmentation results of regions based active contour were
smaller than the referenced boundary. Nonetheless, this method could handle the corner
of the object. For the speed of the models, the region based active contour was the
fastest, the second was Hybrid LSM and the last was the edge based active contour. The
Hybrid LSM and the edge based active contour model used more iterations to reach the
convergence because after they reached the first convergence point, they performed the
refinement process until the model reached the next convergence point.

In experiment 2, we aimed to segment one object from the image which had two objects
in the foreground. We set the initial level set function center of the desired object. The
Hybrid LSM had the highest accuracy while the region based active contour model had
the lowest accuracy. Due to the characteristic of the region based active contour model,
this model segmented all images in the foreground which increased the false positive.
Figure 3.3 (right) shows that the accuracy of the model was high at the beginning and
then it slowly decreased until the model reached the convergence. That means the
accuracy was high when the contour at zero level reached the boundary of the desired
object and it decreased when the contour leaked out of the desired boundary and
reached the boundary of the second object. After that, the model was stable when the
boundaries of both objects were specified. The Hybrid LSM and edge based active
contour model could segment only the desired boundary. However, the Hybrid LSM
had higher accuracy. The edge based active contour had lower accuracy because of the
reinitializing function. Figure 3.3 (right) shows that even though the refinement process
was performed, the accuracy improved a little. For the Hybrid LSM, the accuracy was
closer to the accuracy of edge based when the model reached the first convergence
point, but after the refinement process the accuracy improved more than the edge based
active contour model. The segmentation results of three methods are shown in Table
3.9. Notice that the even though the Hybrid LSM and the edge based active contour
model could segment only the boundary of the desired object, they could not segment
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the desired boundary in high detail especially at the acute angle corner. On the contrary,
the region based active contour could handle this problem. For the iteration which the
models used to reach the convergence point, Hybrid LSM was the fastest while the edge
based active contour was the slowest.

In experiment 3, we aimed to segment the object which had unclear boundary. We set
the initial level set function center of the object. The Hybrid LSM had the highest
accuracy while the edge based active contour model had the lowest accuracy. In this
experiment, the edge based active contour model failed to segment the boundary of the
desired object. As shown in Table 3.9, the contour at zero level evolved until it reached
the border of the image. Due to the limitation of the edge based active contour model, it
could not handle the object without clear boundary. The stopping function did not
become closer to zero at the boundary of the object because the boundary was unclear,
so it could not be used to terminate the evolution process when the contour reached the
desired boundary. Even though the contour at zero level leaked out of the boundary, it
continued to grow until it reached the border of the input image. The model tended to
remain stable when the contour covered the whole image as shown in Table 3.9. Figure
3.4 (left) shows that the accuracy of this model slowly increased at the beginning;
however, after the contour leaked out of the desired boundary, the accuracy slowly
decreased. Finally, the accuracy had a tendency to remain stable when the contour
reached the border of the input image. So, the specification of this model was very low.
The accuracy of the Hybrid LSM and region based active contour model was high
because they could handle the object without clear boundary and because there is only
one object in the foreground. However, the accuracy of Hybrid LSM was higher than
the region based active contour model. The region based active contour had a lower dice
similarity result because the evolution process was terminated before the model reached
the boundary of the object. The sensitivity result shows that many pixels were inside the
boundary of the object but this model could not detect them. So, we can see that the
segmentation result of regions based active contour was smaller than the referenced
boundary. For the Hybrid LSM, the refinement process helped to improve the accuracy
of the model and this model also used the lowest iteration to convergence.

In experiment 4, the input image was similar to the input image in the experiment 2, but
the boundaries of the objects were unclear. The Hybrid LSM had the highest accuracy
while the region based active contour model had the lowest accuracy. In this
experiment, the edge based active contour model failed to segment the boundary of the
desired object. As shown in Table 3.9, the shape of segmentation result was not similar
to the referenced boundary. Due to the limitation of the edge based active contour
model, it could not handle the object which had unclear boundary. The stopping
function based on the edge of the object terminated the evolution of the contour at zero
level before it grew over the object. So, the sensitivity of this model was small. The
performance of region based active contour in this experiment was similar to the
performance in experiment 2 although the boundaries of the objects were unclear. For
the Hybrid LSM, this model could segment the boundary of the desired object even
though the boundary was unclear. Nonetheless, the accuracy was low because the shape
of the input image was distorted by blurring. The model could not reconstruct the
original shape of the object so, there were a lot of false positive and false negative when
compared with the referenced boundary. For the iteration which the models used to
reach the convergence point, Hybrid LSM was the fastest while the edge based active
contour was the slowest.
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In experiment 5, we used the multi gray-scale and multiple objects in the foreground for
the input image. We aimed to segment only the rectangle object which had a lower
intensity value than the intensity value of a circle object but higher than the intensity
value of a square object. All the objects in the input image had clear boundaries. We set
the initial level set function at the center of the desired object. The Hybrid LSM had the
highest accuracy while the region based active contour model had the lowest accuracy.
The accurate result of the region based active contour was low because this model
attempted to segment all the objects in the foreground. Notice that the square object had
been omitted. The intensity value of the square object was lower than the intensity value
of the desired object, so the model decided that the square object was likely to belong to
the background rather than the foreground. For the Hybrid LSM and edge based active
contour model, the accuracy of both methods were similar; however, the Hybrid LSM
had higher accuracy and the sensitivity result and specification result were also higher.
That means our modified version of LSM could segment the boundary of the desired
object in higher detail. However, there was some error at the acute angle corner of the
object. For the iteration to convergence, the Hybrid LSM used the lowest iteration to
reach the convergence point.

In experiment 6 to experiment 9, the input images were similar to the experiment 1 to
experiment 4 but noises were added to the images. We aimed to evaluate how robust the
models were to the noisy images. The edge based active contour model failed to
segment the boundary of the object from the noisy images. The results of using this
model are shown in Table 3.9. The contour at zero level could not reach the boundary of
the desired object. Moreover the evolution process was terminated in the early stage
because the stopping function based on the gradient of the image was disturbed by
noises and became closer to zero inside the boundary of the desired object. The effect of
noise can be alleviated by applying the Gaussian filter on the input image before
performing the edge based active contour model but the Gaussian filter also blurred the
boundary of the object. The Hybrid LSM and region based active contour model could
resist to the noisy image. In Experiment 7 and Experiment 9, the region based active
contour model was able to segment the boundary of the desired object and handle the
detail of acute angle corner but the accuracy was low because the model was not
terminated at the boundary of the desired object. While the Hybrid LSM had a higher
accuracy result, it could segment the boundary of the desired object but there was some
error at acute angle corner of the object. In Experiment 6, the segmentation results of
both region based active contour model and Hybrid LSM were similar. However, the
accuracy of Hybrid LSM was higher because the sensitivity result was higher. In
Experiment 8, the accuracy of the region based active contour model was higher than
the Hybrid LSM method because the sensitivity result was higher. Notice that the
segmentation results of the region based active contour model was scattered because the
model determined the noise as the objects in the foreground and it attempted to segment
the boundary of all objects in the foreground image. For the Hybrid LSM, even though
the accuracy was lower, the segmentation result was not scattered because the model
determined that there was one object in the foreground and tried to segment the
boundary of the object surrounding the initial contour. For the iteration to convergence,
the Hybrid LSM used the lowest iteration to reach the convergence point.

In Experiment 10, the input image was the real medical image. This image was the cross
section of the head so it presented a part of the brain and the skull. We aimed to
segment the boundary of the skull. The initial level set function was set inside the
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boundary of the skull. Although the segmentation results of three methods were similar,
the Hybrid LSM had the highest accuracy because the sensitivity value was high and
also used the lowest iteration to reach the convergence point.

According to the results from ten experiments, we can conclude that our modified
version Hybrid LSM can segment the boundary of the desired object in high accuracy
and resist the noisy image. This method continues to work well despite the objects’
unclear boundary and can segment only desired objects from the image containing
multiple objects in the foreground. Moreover, this method can reach the convergence
faster than the conventional methods. However, some errors can occur when our
proposed method is applied on the object which has acute angle corners. For the edge
based active contour model, this method works well when it is applied on the object
with clear boundary and used to segment only desired objects form images having
multiple objects in the foreground. Nevertheless, this method cannot handle noisy
images and also has some errors at acute angle corners. For the region based active
contour, this method is good for the segmentation of objects, even those without clear
boundaries. This method is resistant to noisy images and can handle the acute angle
corner. However, this method usually generates a lot of false positive when it is applied
on images which have multiple objects in the foreground. In some experiments, for
instance, Experiments 1 and 3, the segmentation results from this method were a bit
smaller than the referenced boundary because the evolution process was terminated
before the model could reach the boundary of the object.

Dice similarity is used to evaluate the accuracy of the model by comparing the
segmentation result with the referenced boundary. High dice similarity implies that the
segmentation result is similar to the referenced one. The Hybrid LSM has higher dice
similarity results than the edge based and region based active contour models except in
Experiment 8. In that experiment, the accuracy of the region based active contour model
was higher than the Hybrid LSM method. However, the segmentation results of the
region based active contour model were scattered while the segmentation result of
Hybrid LSM was not scattered and looked similar to the reference in spite of the lower
dice similarity result.

Sensitivity is used to evaluate how the model can detect the true positive pixels in the
dataset. High sensitivity implies that the model can detect most of the pixels of desired
objects. The Hybrid LSM has high sensitivity results except in the case that the desired
object has the acute angle corner, for instance Experiments 2, 4, 5, 7 and 9. In those
experiments, the sensitivity results of the region based active contour model were higher
than those of the Hybrid LSM because this model could handle the detail at the acute
angle corner.

Specification is used to evaluate how the false positive detection. High specification
implies that our results have low false positive detection and the contour at zero level of
the model cannot leak out of the boundary of the desired object. The Hybrid LSM has
higher specification results than the edge based and region based active contour models.
However, in Experiments 6 to 9, the specification results of the edge based active
contour model were equal to 100 percent because all detected pixels were desired
objects. The evolution process of the model was nevertheless terminated in the early
stage and the model failed to segment the boundary of the object from the noisy image.



Table 3.8 The experimental results

Edge based active contour model Region based active contour model Hybrid LSM

No. | Number dice Number dice Number dice

of similarity | Sensitivity | Specification of similarity | Sensitivity | Specification of similarity | Sensitivity | Specification

iteration iteration iteration

1 1,763 99.92 99.84 100.00 682 99.37 98.75 100.00 924 | 100.00 100.00 100.00
2 3,845 97.67 96.96 98.38 2,953 66.72 99.93 50.07 1,425 98.27 96.60 100.00
3 14,921 49.46 100.00 32.86 | 4,636 97.32 94.77 100.00 718 99.32 98.65 100.00
4 17,344 82.05 74.80 90.85 | 10,060 58.02 86.46 43.66 974 85.88 82.33 89.74
5 1,748 98.74 99.81 97.70 | 3,775 57.00 100.00 39.86 906 99.16 99.53 98.79
6 5,762 4.25 2.17 100.00 | 5,144 99.63 99.38 99.89 1,012 99.69 99.63 99.75
7 5,566 16.48 8.98 100.00 7,218 66.30 99.20 49.78 836 96.98 94.28 99.85
8 7,109 8.93 4.67 100.00 | 14,918 91.51 89.67 93.43 1,209 86.41 76.08 100.00
9 5,566 16.48 8.98 100.00 | 14,404 58.29 85.81 44,13 1,013 84.03 76.97 92.52
10 8,746 96.20 99.60 93.02| 4821 98.16 99.92 96.47 1,250 98.44 100.00 96.92

(57
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Figure 3.6 Iteration to convergence on experiment 7 and 8
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CHAPTER 4 A FRAMEWORK FOR BLOOD VESSEL IMAGE
SEGMENTATION

In this chapter, we discuss the Hybrid LSM in a framework which we used in order to
segment the blood vessels from medical images. This framework is designed
particularly for use with the CTA lumen segmentation of the carotid artery. The
overview of our framework is illustrated in Figure 4.1.

Input data come from Carotid Lumen Segmentation and Stenosis Grading Challenge
(CLS). Those are the set of CTA images which are the pixel data in 16-bits unsigned
integers (Hounsfield units plus 1024). More details about the characteristic of our input
data and the prior knowledge from training dataset are described in Section 4.1.

Bone segmentation is the preprocessing step. It aims to discriminate the bone structure
from the vessel structure. Since the range of intensity value of bone overlaps with the
range of intensity value of vessels, it causes errors in the vascular filtering process. In
Section 4.2, we explain the bone segmentation process and the adaptation of Hybrid
LSM in more details.

Histogram analysis process aims to specify the region of vessels more closely and
eliminate other soft tissues which contaminate the vessels. This process adopts the
Otsu’s auto thresholding method to analyze the histogram which we describe in Section
4.3 in more details.

Vessel filtering is one of the important processes for carotid lumen segmentation. This
process aims to specify the location of carotid artery by employing the vesselness filter
to evaluate how likely it is for the voxel to belong to the vessels structure. Not only is
the vesselness filter used to discriminate the vascular structure from the other, but it is
also used to filter the size of the vessel. More details about the vessel filtering process
are described in Section 4.4.

Vessel reconstruction process aims to reconstruct the vessels structure from the medial
images dataset by using the information from the vessel filtering process. More details
about vessels reconstruction process and adaptation of the center line extraction method
and Hybrid LSM are described in Section 4.5.

For the visualization purpose, the last process is Ray Casting algorithm. We describe
details of our framework to integrate the segmentation output with Ray Casting
algorithm in Section 4.6. Lastly, in order to evaluate our achievement, the evaluation
methods are described in Section 4.7.
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Input data
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Figure 4.1 The summarization of our methodology work flow

4.1 Input data

Our input datasets come from Carotid Lumen Segmentation and Stenosis Grading
Challenge (CLS). This challenge intends to compare the results of lumen segmentation
and stenosis grading from different authors and different methods. They provide the
datasets of the Carotid Bifurcation in a Computed Tomography Angiography (CTA).
The Carotid Bifurcation consists of three main arteries: common carotid artery (CCA),
internal carotid artery (ICA) and external carotid artery (ECA), as we have mentioned in
Chapter 1.

The medical images in datasets are the images around the bifurcation where the CCA
starts branching out into the lumen of the ICA and the lumen of ECA. The region of
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interest covers at least 20 mm of the CCA below the bifurcation, at least 40 mm of ICA
above the bifurcation and between 10 and 20 mm of ECA above the bifurcation, as
depicted in Figure 4.2.

ECA mask

40 mm

bifurcation
slice 20 mm

CCA

Figure 4.2 Schematic of the region of interest [26]

The provided datasets consist of 3 important sets of information as follows:
- Raw data of medical images: this data are the pixel data in 16-bits unsigned

integers (Hounsfield units plus 1024).

- Region of interest: this data contain the minimum voxel index and the maximum
voxel index which define the region to be segmented.

- The reference partial volume segmentation: this data is the partial volume of
carotid lumen segmented by proficient radiologists manually. This data are in
floating point value between 0 and 1.

1200 T T T T T T T T

1000

800 |
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0 500 10ﬁ0 1500 2000 2500 3000 3500 4000 4500

Figure 4.3 Histogram of the partial volume of carotid lumen from the training datasets

The histogram of the partial volume of carotid lumen from the training datasets is plot
in Figure 4.3. Notice that the intensity values of vessels lie in the same range; the lowest
value is 930 and the highest value is 2400. Notice that 99.24 percent of vessels lies in
the range between 1060 and 1545. According to this information, we can conclude that
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the range of vessels intensity value is between 1060 and 1545. The example image
slices of the raw data are shown in Figure 4.4.

Figure 4.4 The example image slices of the raw data
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4.2 Bone Segmentation
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Figure 4.5 Histogram of bone (blue line) and carotid lumen (green line)

The bone segmentation is the preprocessing step for carotid lumen segmentation. As the
range of intensity value of bone overlaps with that of carotid lumen, as shown in Figure
4.5, it causes a large number of errors in the vascular filtering process. The goal of this
step is to define the locations of bones in the medical images and eliminate them before
applying the Hessian-based vessel filtering to the medical images in the next step.

In order to define the boundary of the bones, we employed the Hybrid LSM. This
technique is used to identify the boundary of the objects in the image and distinguish
between foreground and background. It is also appropriate for the organ segmentation in
medical images of which the boundaries are unclear. For bone segmentation, we started
by generating the initialization of level set function and then created input images by
adjusting the input data with the window level technique. Finally, we performed the
Hybrid LSM and obtained the output. The example of an original medical image slice is
shown in Figure 4.6. The final result of this process was the set of medical images
where the intensity value of the bone voxels was set to be zero.

4.2.1 Initiating the Level Set Function

In this step, we attempted to specify the seed points which would ensure that all the seed
points belong to bones and used them as the initial level set function for the Hybrid
LSM. We performed this step for all the images in the dataset by applying the
thresholding method and simple morphological operation.

First, we created the mask of vessels and bones by applying a thresholding to the
original image. We then obtained Figure 4.7(a). The threshold value was the minimum
intensity value of the vessel pixel which we obtained from the training datasets, as
mentioned in Section 4.1. However, the result in Figure 4.7(a) did not cover all of the
bone area. The intensity value of pixel inside the bone may be lower than the threshold
value. Since the characteristics of bones consist of the strong osseous tissue on the
surface (cortical bones) and the soft osseous tissue in the interior of bones (cancellous
bones), the intensity value of pixel at the border of the bones is higher than the intensity



52

value of pixel inside the bones [15]. We applied a morphological operation “hole
filling” to Figure 4.7(a) and obtained the mask of vessels and bones, as shown in Figure
4.7(b), in which “white” represents the location of bones and vessels and “black”
represents the others. Despite our naming of “mask of vessels and bones”, this mask
also covers parts of the other tissues.

The next step is creating the mask of vessels. We applied a double thresholding to the
original image and obtained Figure 4.8(a). The threshold values are the minimum and
maximum intensity value of the vessel pixel. Similar to the mask of vessels and bones,
some pixels exist at the center of blood vessels which have a higher intensity value than
that of the threshold. Then, we applied a morphological operation “hole filling” and
obtained Figure 4.8(b). Even though we assign this mask as “mask of vessels”, it still
covers parts of bones and the other tissues.

After that, we subtracted Figure 4.7(b) by Figure 4.8(b). The difference between them
was the seed points which ensured that all the seed points belong to the bone, as shown
in Figure 4.9. “White” represents the pixel which we defined as the initial level set
function. An initial surface for this example is shown in Figure 4.10.

_ (¢ if I(x) is white
Po(x) = {—c otherwise
where ¢, is the initial level set function.
x is the specific location.
1(x) is the intensity value of segmentation result at a location x.
c is the constant parameter.
Equation 4.1 Relationship between initial level set function and subtraction result.

Equation 4.1 defines the relationship between the initial level set function and the

subtraction result. Where ¢, (x) is the value of initial level set function at location (x),
1(x) is the intensity value of segmentation result and c is the constant value.
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Figure 4.6 The example of slice of medical image
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Figure 4.8 The example of slice after threshold by 1060 and 1545 (a),

and after fill the hold (b)

Figure 4.9 The result of subtraction between Figure 4.7(b) and 4.8(b)

200 250
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Figure 4.10 The example of slice of initial surface for level set function
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4.2.2 Adjusting the Input Data

As the data from the original dataset are the pixel data in 16-bits unsigned integers
which have the intensity value in Hounsfield unit (plus 1024), we were required to
convert them to a normal gray scale image which has the intensity value between 0 and
255 before using them as the input of Level Set method. We opted for the window level
technique. This technique changes the range of data which is presented on the gray scale
image, as depicted in Figure 4.11. It is a common practice to visualize medical images
in the gray scale image. By adjusting two parameter window center WC and window
width WW, doctors can explore the details of organs in medical images. The equation
of window level technique is defined in Equation 4.2. Figure 4.12 shows the
comparison of two medical images which come from the same data but the window
level is different.

WINDOWING macGe

CT NUMBERS GRAY SCALE
3095
BONE . _—/—
—| |WIDTH
MATERIALS
SOFT LEVEL

TISSUE =

WATER 0 ==
FAT

AIR -1000—
Figure 4.11 Depiction of window level
[Source: http://www.sprawls.org/resources/CTIMG/module.htm]

(0 if (I(x) <SWC — 0.5 — M
) ww —1)
I'(x) =<1 lf(I(x)>WC—0.5+T
I(x) — (WC —0.5) )
otherwise

. (WW —1)+0.5

where I’ is the intensity value after adjustment.
1 is the intensity value of the input data.
x is the specific location.
WC is the window width.

WW is the window center.
Equation 4.2 Window level

Figur 4.12 Example of window level adjustment. Left image WC=1000 WW=500
Right image WC=1500 WW=2000
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According to our empirical study, the input data were adjusted by setting the window
center to 2000 and window width to 2000 for the bone segmentation process. The range
of window was between 1000 and 3000 which covers most details in the dataset. So, we
obtained the images in which the bones and vessels were brighter than the other tissues,
as shown in Figure 4.13.

_—

Figure 4.13 Example of slice of input data by setting WC=2000 WW=2000
4.2.3 Applying the Hybrid LSM to Bone Segmentation

Table 4.1 The constant parameters for Hybrid LSM in bone segmentation process

parameter | Hybrid LSM
Co 2
U 1
A, Ay 5
v -1.5
p 0.2
€ 15

After initial level set function and input images were prepared, we performed the region
growth by using the level set method. We adopted the Hybrid LSM model to evolve the
level set function which could grow in a 3D space. We set the constant parameters as
show in Table 4.1. Figures 4.13(a) — 4.13(c) show an example of the contour of the
surface at zero level in iterations 25, 50 and 100, respectively. After the model reached
the convergence point, the Hybrid LSM was terminated. We obtained the complete
surface, and then we obtained the bone segmentation result by using Equation 4.3,
where I(x) represents the intensity value of segmentation result at position x in the 3D
space and ¢(x) represents the value of level set function at position x. Figure 4.15
shows an example of bone segmentation in which “white” represents the location of
bones and “black” represents the others.

1 ¢(x)=0
() = {0 d(x) <0
where [ is the intensity value of segmentation result.
¢ is the level set function.
x is the specific location.
Equation 4.3 Relationship between segmentation result ant level set function.
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In the final step, we eliminated the bone structure in the original data by setting the
intensity value of bone voxels to be zero, as shown in Figure 4.16. Equation 4.4 shows
the relationship between the segmentation result I, original data I and the data after
bones are eliminated I’ , where x is the specific location in the 3D space. The whole
steps in bone segmentation process are summarized and illustrated in Figure 4.17.

ey _ (1) L(x) =1
') = {o 1.(x) = 0
where 1" is the intensity value after bones are eliminated.
I, is the intensity value of a segmentation result.
1 is the intensity value of the input data.
x is the specific location.
Equation 4.4 Bone elimination.

(a) (b) (©)
Figure 4.14 The example of slice of contour at zero level after iteration 25 (a),
iteration 50 (b) and iteration 100 (c)

Figure 4.15 The example of slice of bone segmentation result
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Figure 4.16 The éxamplz of slice of original data after bones are eliminated
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Figure 4.17 Summarization of bone segmentation process
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4.3 Histogram Analysis

Even though bones had been eliminated from the data, other soft tissues still
contaminated the vessels. In this process, we attempted to specify the region of vessels
more closely. We deployed the prior knowledge from training datasets to eliminate
voxels that were impossible to become vessels and used the histogram analysis
technique to roughly discriminate the vessel and the other tissues.

o 10
45} Peak of the other tissues 1
At i
36F B
3L _
251 B
ol ]
16F B
1k Peak of vessels .
. -
U[] 5[I][] 1[]I[]U 1500 2[]I[][] 25I[][J 3UI[][] 35I[][] 4000

Figure 4.18 Histogram of data after bones are eliminated

Figure 4.18 shows the histogram of input data in which the bones are eliminated by the
previous process. Notice that there are two peaks in the histogram; one is the peak of
vessels and the other is that of the other tissues. In order to roughly specify the region of
vessels, first we applied the double thresholding method to the input data. The range of
threshold is the minimum and maximum intensity value of vessels which we obtained
from the aforementioned training dataset in Section 4.1. The voxels which have the
intensity value out of the threshold range had their intensity value set to be zero. This
signifies that voxels impossible to be vessels would be eliminated. We then obtained the
histogram of input data as shown in Figure 4.19.
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Figure 4.19 Histogram of data after filter by 1060 < intensity value
and intensity value <1545
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Next, we opted for the Otsu’s auto threshoding method to separate the peak of vessels
from the peak of other tissues. The Otsu’s method is used for converting the greyscale
image to monochrome by using the appropriate threshold value. This technique assumes
that the image consists of two classes of pixels: foreground and background. It tries to
find the threshold value in which the summation of pixel spreads in the foreground and
background is minimized. The within-class variance o2 (t) is the weighted sum of the
variances of each cluster, as shown in Equation 4.5. Where w;(t) represents the
probabilities of the class, o/ (t) represents the variances of the class and t represents the
threshold value. This technique will calculate the within-class variance for all possible t
value and choose the threshold value which minimizes the within-class variance.

g (t) = w1 ()01 (t) + w, (t) o7 (t)
where w;(t) is the probabilities of the class.
a7 (t) is the variances of the class.
t is the threshold value.
Equation 4.5 within-class variance

For the fast approach of Otsu’s method, we can calculate the between-class variance and
choose the threshold value which maximizes the between-class variance. The definition
of between-class variance o7 (t) is shown in Equation 4.6 where a2 represents the
variance of the global and y; (t) represents the mean of the class.

a5 (t) = 0% — 05(t) = w1 () w, () [y () —p2(D)]?
where o2 is the global variance.
a2 (t) is the within-class variance.
u;(t) is the mean of the class.
w;(t) is the probabilities of the class.
t is the threshold value.
Equation 4.6 Between-class variance

After this process finished, we obtained the vessels mask. It is the binary dataset in
which the voxel of vessels was represented by 1 and the other tissues by 0. However,
some vessel voxels which have the lower intensity value than the threshold value were
also eliminated in this process. The sample output slice form this process is shown in
Figure 4.20.

Figure 4.20 The example of slice of vessels mask

The advantages of this process are that not only can it roughly specify the region of
vessels, but it can also reduce the computation time of Hessian-based vesselness filter in
the next process. As the vesselness filter is a voxel-based approach, it consumes plenty
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of computation time which can be significantly reduced by selecting the appropriate
region of interest.

4.4 Vessel Filtering

Vascular filtering is one of the important processes for carotid lumen segmentation. In
this process, we aimed to specify the location of carotid artery consisting of CCA, ICA
and ECA. We employed the vesselness filter to evaluate the likeliness of the voxel
belonging to the vessels. The vesselness filter was used to both discriminate the
vascular structure from the other structure and to filter the size of vessels. In addition,
the output of Hessian matrix was used in the center line extracting process. Therefore, in
this process, we started with vesselness measurement, and then we filtered the small
capillaries out while the main arteries were preserved. After this process, we obtained
the vesselness response, corresponding eigenvector and eigenvalue for each voxel in the
dataset.

First, after we obtained the vessel mask from the previous process, we used it as the
region of interest where the vesselness of voxel inside this region was measured while
the vesselness of voxel outside this region was set to be zero. The relationship between
vesselness response and the region of interest is defined by Equation 4.7 where v(x)
represents the vesselness response and v'(x) represents the vesselness response after
filter by the region of interest.

ey _ fv(x) if xinside region of interest
v'(x) = { .
_ 0 otherwise _ )
where v'(x) is the vesselness response after filtering by the region of interest.
v(x) is the vesselness response.
x is the specific location.
Equation 4.7 Relationship between vesselness response, input data and vessel mask.

It can be observed that we did not directly apply the vesselness filter on the vessel mask
but we applied it on the input data. Our input data for this process were the data
adjusted with the window level method. Since the vesselness filter works on the
assumption that the colors of the vessels are brighter than those of the background, we
set the window center as 1200 and the window width as 800. Those values were
standard window level setting [26]. The example of slice of adjusted data is shown in
Figure 4.21.

Figure 4.21 Example of slice of input data by setting WC=1200 WW=800

The vesselness measurement model is shown in Equation 2.24. We set the constant
parameters a and S to be 0.5 and the parameter c is the half of the maximum value of S
[20]. As this process performed in a multi-scaled vessel filtering fashion, the scale
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factor o enabled us to filter only the main arteries. So, we selected the value of scale
factor which could cover all parts of the three main vessels based on our empirical
study. We set the o equal to 10 and 15. The multi-scaled vesselness response was
computed by using Equation 2.25. The summarization of constant parameters setting is
shown in Table 4.2.

Table 4.2 The constant parameters for vesselness measurement model

parameter Vesselness model
a 0.5
B 0.5
c the half of the maximum value of S
o 10 and 15

4.5 Vessels Reconstruction

In this process, we aimed to reconstruct the vessels structure from the medical images
by using the information which we obtained from the previous process: the vesselness
response and corresponding eigenvector for each voxel. The reconstruction process
started from interpreting the vesselness response, and then we extracted the center line
of the vessels by using the eigenvector. Finally, we specified the boundary of the
vessels by adopting the Hybrid LSM.

In terms of vesselness response interpretation, we defined that a voxel with the
vesselness response higher than 30 percent of the maximum vesselness response is a
voxel of vessels. The others were justified as noises. Figure 4.22 shows the scatter plot
of data which are justified as vessels. Notice that some parts of the voxel are missing.
Therefore, the reconstruction of the whole vessel structure must be done by using
Hybrid LSM.
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Figure 4.22 Scatter plot of data which are justified as vessels

Next, we applied the center line extraction technique on the voxel of the vessels. As we
have mentioned in Section 2.2.3, the main idea of center line extraction is based on the
fact that the voxels at the center of vessel have the highest vesselness response among
their surrounding neighbors. This method is used to suppress the voxels of vessels
which have lower vesselness response than that of any neighbor around it in the vessel
orientation while the voxels at the center line are preserved. However, there are some
failures of the method. It cannot suppress the noises which have no surrounding
neighbors. As a result, we added the rule that the voxels which belong to the center line
must have at least 8 surrounding neighbors. After this step, we received the set of voxels
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which lie at the center of vessels corresponding to the vessel direction, as shown in
Figure 4.23. Notice that there are some disconnected points in the center line. However,
those points are sufficient to be used as the initial level set function.
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Figure 4.23 Scatter plot of center line

Table 4.3 The constant parameters for Hybrid LSM in vessel reconstruction process

parameter | Hybrid LSM
Co 2
U 1
A, Ay )
v -1.5
p 0.2
€ 15

After the initial level set function was prepared, we were able to perform the Hybrid
LSM. The input data for this step were the data adjusted with the window level method.
We set the window center as 1200 and the window width as 800. This input data were
the same data as the input of vesselness filter process. The constant parameters were set
as show in Table 4.3. After the model reached the convergence point, the Hybrid LSM
was terminated. We obtained the complete level set function, and then we received the
vessel structure by using Equation 2.5. The vessels segmentation process is
consequently finished. The example of slice of vessels segmentation result is shown in
Figure 4.24.The scatter plot of segmentation result is shown in Figure 4.25.
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Figure 4.24 Example of slice of segmentation output
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Figure 4.25 Scatter plot of segmentation result

4.6 Integration with Ray Casting Algorithm

For the visualization purpose, we integrated the segmentation result with the Ray
Casting algorithm. This algorithm is one of the Direct Volume Rendering techniques
(DVR). It is adopted to visualize medical images in a 3D model.

In conventional Ray Casting algorithm, the classification process relies on the transfer
function to convert the intensity value of each voxel in dataset to the opacity value. f,, is
the intensity value of the selected organ which is the important parameter of transfer
function. The result image will present the organ segment which has intensity value
similar to f,,. By adjusting the value of f,, the Ray Casting can present the visualization
of the organs which have a different intensity range. However, this technique cannot
clearly present the visualization of the blood vessels where the range of intensity
overlaps with the range of intensity value of bones and other tissues.

Instead of the conventional transfer function, the segmentation output of vessels was
adopted. We can use the segmentation output to assign the appropriate opacity value to
the voxel of vessels. Hence, the voxel which was determined to belong to the vessels by
segmentation output is assigned high opacity value. On the other hand, the voxel which
was not determined to belong to the vessels is assigned low opacity value, as shown in
Figure 4.26(top).



64

e Opacity

=
=N

Opacity Value

© o o o
oN o ®

Intensity of Segmentation Result

=
N

= Red

Green

/ —Blue

\

Color Intensity
o O O O

o N Bd O D

0.47
0.52
0.56
0.60
0.69
0.73
0.78
0.82
0.86
0.91
0.95
0.99

0.00
0.04
0.09
0.13
0.17
0.22
0.26
0.30
0.35
< 0.39

)
~
=
f

of Segmentation

Figure 4.26 Graph of transfer function and opacity mapping (top) and
graph of color transfer function (bottom)
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Figure 4.26 (top) shows the graph of transfer function and opacity mapping. This graph
is used to map the intensity value of vessels segmentation results to the opacity value.
Notice that the opacity value is highest when the segmentation result is equal to one.
Figure 4.26 (bottom) shows the graph of color transfer function. This graph is used in
the shading process of Ray Casting. It maps the intensity of segmentation result to the
color which is presented in the 3D visualization of images. For this example, the voxels
of segmentation result which have high intensity are mapped in red which represents the
artery blood vessels.

Finally, the opacity value and color of each voxel in the dataset were kept in another
three dimensions array. This array would be sent to the composition process where the
opacity value would be blended with the assigned color to generate the visualization of
three dimensions model image as show in Figure 4.27.

Figure 4.27 Example of visualization result
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4.7 Evaluation Method
In order to evaluate the achievement of our research, we compared our segmentation
results with the manual segmentation based on the evaluation framework defined by the
Carotid Lumen Segmentation and Stenosis Grading Challenge (CLS). There are three
performance measurements.

4.7.1 The Dice Similarity Dg;

2TP

((TP + FN) + (FP + TP))
where TP is the number of True Positive voxel.
FN is the number of False Negative voxel.
FP is the number of False Positive voxel.
Equation 4.8 The dice similarity

Dy =

Where True Positive, TP, is the number of voxels defined as vessels by reference and
we can correctly detect them, False Positive, FP is the number of detected voxels not
defined as vessels by reference and FN is the number of voxels defined as vessels but
we cannot detect them.

Dice similarity is used to measure the accuracy of our results by comparing them with
the references.

4.7.2 Sensitivity

number of overlapped contours

. — X 100%
total number of contours in manual segmentation

Equation 4.9 Sensitivity
The sensitivity is used to evaluate the performance of the proposed method. It measures
how our method can detect the voxel of vessel in the dataset. High sensitivity implies
the good performance.

4.7.3 Specification

(1 number of detected contours but not in reference

%X 1009
total number of detected contour ) %

Equation 4.10 Specification

The specification is used to evaluate the false positive detection. High specification
implies that our results have low false positive detection.



CHAPTER 5 RESULTS AND DISCUSSTION

In this chapter, we present our experimental results. In Section 5.1, we present the
information about input datasets. Next, in Section 5.2, we present the visualization in
3D model for each dataset. Next in Section 5.3, we present the evaluation results by
using the evaluation methods as we proposed in Section 4.7. Finally, at the end of this
chapter, we discuss about our results and our method.

5.1 Experimental Inputs

The experiment was tested on four datasets of CTA medical images. The information
about each dataset is shown in Table 5.1. The same set of constant parameters was used
for all the experiments. Before the start of each dataset test, the experiment was setup by
loading data to the memory and cropping only the region to be segmented. All
experiments were run on CPU Intel Xeon E5620 2.40GHz, 16 GB memory and the
source code was implemented by Matlab R2011a.

Table 5.1 Information about input datasets.

Data Size Side Size of ROI F’osmon of RO Pixel Spacing
No. min max
1 512x512x516 | Left | 233x188x95 203,19,269 | 435,206,363 | 0.26x0.26x0.6
2 512x512x501 | Right | 210x273x96 11,74,194 220,346,289 | 0.23x0.23x0.6
3 512x512x466 | Left | 210x254x97 284,49,203 | 493,302,299 | 0.23x0.23x0.6
4 512x512x497 | Left | 197x203x100 | 300,51,232 | 496,253,331 | 0.23x0.23x0.6
5 512x512x504 Left 218x179x95 247,161,244 | 464,339,338 | 0.26x0.26x0.6
6 512x512x524 | Right | 191x205x97 23,84,271 213,288,367 | 0.23x0.23x0.6
7 512x512x491 | Left 210x220x98 286,146,227 | 495,365,324 | 0.23x0.23x0.6
8 512x512x564 | Left | 211x264x97 243,99,283 | 453,362,379 | 0.23x0.23x0.6
9 512x512x539 | Left 185x245x96 277,93,262 461,337,357 | 0.25x0.25x0.6
10 512x512x786 | Right | 103x133x121 | 149,218,325 | 251,350,445 | 0.53x0.53x0.5
11 512x512x711 | Left 84x103x121 273,270,265 | 356,372,385 | 0.59x0.59x0.5
12 512x512x570 Right | 144x126x121 128,169,116 | 271,294,236 | 0.44x0.44x0.5
13 512x512x673 | Left | 80x86x134 267,203,302 | 346,288,435 | 0.58x0.58x0.45
14 512x512x666 | Left | 127x108x134 | 287,159,333 | 413,266,466 | 0.44x0.44x0.45
15 512x512x748 | Right | 83x100x134 130,181,248 | 212,280,381 | 0.45x0.45x0.45

Table 5.1 shows the information about input datasets. The Size column shows the
dimension of each dataset and the Side column indicates which side of carotid artery is
covered by region of interest. “Left” stands for the left carotid artery and “Right stands
for right carotid artery. The size of ROI shows the dimension of region of interest; the
position of ROI indicates the minimum and maximum voxel of ROI in world
coordinates of each dataset and pixel spacing indicates the ratio of one voxel in
millimeter.

5.2 Visualization of Segmentation Results

After the vessels segmentation finished, we visualized the segmentation results and
reference dataset by using Ray Casting algorithm. The visualization results are
displayed in Table 5.2. Column “No.” is the dataset number; column “Visualization
results” displays the visualization of our segmentation results and column “References”
displays the visualization of references generated form the reference dataset provided by
CLS.



Table 5.2 Visualization of segmentation results and references

No. Visualization References | No. Visualization References
results results

1

2

3

67



Table 5.2 Visualization of segmentation results and references (Cont.)

Visualization Visualization
No. References | No. References
results results

10

11

12

68
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5.3 Evaluation Results

We used three measurement matrixes to evaluate our proposed method: dice similarity,
sensitivity and specification. The evaluation results for each dataset are shown in Table
5.3 and the average of the evaluation results in Table 5.4.

Table 5.3 Evaluation results

IZI)\Iagé Dg; Sensitivity | Specification
1 90.99 89.96 92.03
2 88.23 86.72 89.79
3 95.48 96.40 94.57
4 86.36 88.81 84.04
5 84.65 91.56 78.72
6 90.69 88.38 93.13
7 84.53 88.21 81.14
8 83.07 89.50 77.51
9 88.89 95.67 83.01
10 90.02 81.85 98.37
11 86.68 84.61 88.85
12 72.04 85.47 62.26
13 87.25 81.70 93.60
14 92.78 92.58 92.99
15 84.71 80.46 89.43

Table 5.4 Average of evaluation results

Average Dy; | Average Sensitivity | Average Specification

87.09 88.13 86.63

5.4 Discussion

According to the evaluation results shown in Table 5.3 and the visualization results
shown in Table 5.4, we can conclude that our segmentation results were similar to the
references [26] which were segmented by the manual method. We obtained the average
Dice Similarity at 87.09, the average sensitivity at 88.13 and the average specification at
86.63. Notice that the average sensitivity result was high which indicates that our
framework could detect most of the voxels defined as vessels. Moreover, the average
Dice Similarity was high. This measurement indicates the accuracy of our framework.
The average specification was not equal to 100% which indicates that there were some
false positive errors.

As reported in the results, the dataset which Hybrid LSM performed poorly were
datasets 5, 7, 8, and 12. These datasets have a common characteristic as there was the
stenosis point around the bifurcation of the arteries. These points obstructed the model
to grow over the vessel. Those errors were presented as the swollen surface around the
bifurcation in the visualization results. Since those errors were false positive, the
specification results were low. The voxels with high intensity around the bifurcation did
exist but specialists did not regard them as vessels, as shown in Figure 5.1 left. Those
voxels were the two juxtaposed vessels, so the model was confused and defined those
voxels as a part of vessels, as shown in Figure 5.1 right. The red area represents the



70

segmentation result and the yellow area represents the overlapping area between
segmentation result and reference.

Figure 5.1 An example of medical image slide around the bifurcation.

Another cause which affects the evaluation results is that the segmentation results do
not completely overlap with the reference even though the visualization of segmentation
results and the reference are similar. As the references were segmented by the manual
method, there were some voxels which the specialists may have missed and therefore
was not defined as vessels. Nonetheless, our framework could detect them. On the other
hand, some voxels having low intensity value were defined as vessels but our
framework could not detect them. Figure 5.2 presents a cross section example of the
overlaying segmentation result and reference on the medical image slide: the red area
represents the segmentation result the green area the reference and the yellow area the
overlapping area. Notice that even though both segmentation result and reference have a
similar shape and area, they do not completely overlap with each other.

Figure 5.2 An example of cross section of the segmentation result and reference overlay
on the medical image slide

According to the visualization results, notice that the surface of references is smoother
than the surface of segmentation results. Due to the intensity value range of reference
between 0 and 1, the intensity value of voxels at the surface can vary between 0 and 1
which makes the smooth surface. While the intensity value of segmentation results is
binary, 0 and 1 make the rough surface.
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CHAPTER 6 CONCLUSION

In order to segment the carotid artery from the CTA medical images and visualize the
segmentation results in 3-Dimention model images, the Level Set method (LSM),
vesselness filter and Ray Casting algorithm were adapted. The Level Set method was
used to identify the boundary of the objects. We adapted this technique to specify the
boundary of the bones and reconstruct the vessels structure. The vesselness filter was
used to evaluate the likeliness of the voxels belonging to the vessels structure. Lastly,
for the visualization purpose, we integrated the segmentation result with the Ray
Casting algorithm.

The Level Set Method was used to identify the boundary of the objects in the image and
distinguish the foreground and the background. This method can be categorized into
two main types: edge based and region based active contour models. The edge based
active contour model applied the edge detector function, which depended on the
gradient of image as the stopping function. The edge of the object was used to prevent
the contour to leak out of the desired boundary by terminating the evolution of level set
function when the contour at zero level reached the boundary of the desired object. This
method is appropriate for objects which have clear boundaries. In addition, it can
segment only desired objects by setting the appropriate initial level set function even
though there are many objects on the foreground image. The region based active
contour model is based on the region properties of the objects instead of the boundary of
the object. This model can find the suitable boundary of the object by minimizing the
deviation of intensity value inside and outside the contour. Thus, this model still works
well even though the edge of the segmented object is unclear and it also resists noisy
images. Moreover, we can set the initial contour at zero level everywhere on the image.

Due to the characteristics of medical images, the organs usually have unclear boundary.
So, applying the edge based active contour model directly does not work well with
medical images. Moreover, the range of intensity value of the desired organs may
overlap with the range of intensity value of the other organs. So, applying the region
based contour model directly cannot distinguish the boundary of the bones and the
boundary of the vessels. We therefore proposed the Hybrid LSM which is the
combination between edge based and region based active contour models. This
modified version preserves the advantages of both original models while the
performance of Level Set Method is improved. This model enables the Level Set
Method to segment the boundary of the object even though the edge of the segmented
object is unclear and the model can also resist noisy images. In addition, this modified
version can segment only the boundary of the desired object by setting the appropriate
initial level set function. Moreover, the Hybrid LSM can reach the convergence point
faster than both original models with more accuracy.

In order to evaluate the performance of our proposed method, we performed the
experiments by comparing our modified version Hybrid LSM with the edge based and
region based active contour models. We used the Distance Regularized Level Set
Evolution model introduced by Li et al. [19] to represent the edge based active contour
model and Active Contours without Edges model introduced by Chan-Vese [18] to
represent the region based active contour model. Ten experiments were performed by
using various types of input images. For example, noisy images, clear and unclear
boundary objects images, multi gray-scale images and medical images. The accuracy of
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each model was evaluated by Dice similarity, Sensitivity and Specification. In addition,
the number of iterations which the models used to reach the convergence point was used
to measure the speed of the method.

Our proposed method, Hybrid LSM can segment the boundary of the desired object in
high accuracy and resist noisy images. This method still works well even though the
objects have unclear boundary and can segment only desired objects from images which
have multiple objects in the foreground. Moreover, this method can reach the
convergence point faster than the conventional methods. However, there are some errors
when our proposed method is applied on objects with acute angle corners. While the
edge based active contour model works well with objects having clear boundary and can
be used to segment only desired objects form images containing multiple objects in the
foreground, this method cannot handle noisy images and also has some errors at acute
angle corners. As for the region based active contour, it is good for the segmentation of
objects even those with unclear boundaries. Although this method can work well with
noisy images and acute angle corners, it usually generates several false positive when
it is applied on images which have multiple objects in the foreground.

As the ultimate purpose of this research which aimed to segment the carotid artery from
the CTA medical images, we proposed the segmentation framework in which our
modified version, Hybrid LSM was used to specify the boundary of the bones and
reconstruct the vessels structure. This framework started from eliminating the bone
structure from medical images because the range of intensity value of bones overlapped
with the range of intensity value of vessels. First, we created the initial level set function
by specifying seed points which belong to the bone structure. Next, we made those seed
points evolve to reach the boundary of the bones. After the location of bones was
located, we eliminated them from the original data. Next, we adopted the histogram
analysis to specify rough vessel masks. Next, we employed the vesselness filter to
measure the vesselness of each voxel in datasets. We extracted the center line of vessels
from the set of voxel which had high vesselness value. Finally, we reconstructed the
vessel structure by using the center line as an initial level set function and evolve it by
using the Level Set method. In addition, for the visualization purpose, the transfer
function of Ray Casting algorithm was adapted to support our segmentation results.

To evaluate our achievement, we followed the evaluation framework provided by
Carotid Lumen Segmentation and Stenosis Grading Challenge (CLS). There are three
measurements: dice similarity, sensitivity and specification. We performed the
experiments by using fifteen CTA datasets. All the datasets were carotid artery images.
We obtained the average dice similarity at 87.09%, average sensitivity at 88.13% and
average specification at 86.63% which shows that our method was efficient for vessel
segmentation. However, some false positive occurred in the vessel reconstruction
process. The error usually occurred around the bifurcation of artery. The voxels with
high intensity around the bifurcation did exist but specialists did not regard them as
vessels. They were close to the vessels, so the model was confused. Another cause of
error is that the segmentation results do not completely overlap with the reference even
though the visualization of segmentation results and reference are similar.
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