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ABSTRACT

Breast cancer is the most common cancer in woman. The development and progress
of medical research, if early detection and treatment can improve the cure rate of
breast cancer. There are many ways to diagnose breast tumors in medical imaging
tools, such as mammography, ultrasonography and magnetic resonance imaging
(MRI). In computer aided analysis of MRI, contouring of breast fibroglandular region
is an important step. Accurate volume of fibroglandular tissue and breast density
should help physicians to effective predict the risk of cancer. As breast MRI becomes
more widespread used, a functional automatic method for extracting fibroglandular
breast tissue is essential and its clinical application is becoming urgent. This study
proposes a robust segmentation method to assist the physician on contouring breast
fibroglandular region. The proposed method first utilizes the anisotropic diffusion
filtering to reduce the noises and speckle in MRI images. Three-dimensional (3D)
region growing method is applied to segment the breast fibroglandular area. Finally,
the proposed method obtains the area smoother and correctly though a post processing
step. All segmentation methods are three-dimensional, compared to two-dimensional
segmentation can be considered more relevance, the results more accurate. This study
evaluated total of 10 breast cases and four practical similarity measures (similarity
index, overlap fraction, overlap value, and extraction fraction) are used to evaluate the
result between the manually determined contours, and the proposed segmentation

method.

Keywords: breast cancer, magnetic resonance imaging, breast volume, breast density,

image segmentation, three-dimensional region growing
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CHAPTER 1 INTRODUCTION

Among women worldwide, breast cancer is one of the most frequently cancers and the
leading cause of cancer death [1, 2]. However, the development and progress of
medical research, if early detection and treatment can increase patient survival and
mortality benefit. Many studies have shown that a risk of breast cancer in women will
increase about 1.8 to 6 times with higher breast density (dense breast tissue) [3].
Breasts are composed of fibroglandular or dense tissue (FGT) and fatty tissue [4].
Dense breast has a lot of fat tissue, but more are breast fibroglandular tissue and
connect tissue. Dense type of breast, usually appear in the beginning of menopausal
women and women taking hormonal medicine. In these women, many of the results
lead to breast fibroglandular tissue, the amount of fibroglandular tissue and
connective tissue far more than the breast tissue. Many older women tend to lower the
fibroglandular tissue, making their breasts more prone to fatty breast. Due to breast
density (BD) was advocated as a risk factor for the development of breast cancer, it is
desirable to use it for following the effect of treatment and monitoring subjects at risk
[5].

There are many ways to diagnose breast tumors in medical imaging tools, such
as mammography, ultrasonography, or magnetic resonance imaging (MRI). The most
frequently used tools for detecting breast cancer are mammogram and breast MRI [6].
Before abnormalities become clinically palpable, mammography is the gold standard
method in early detection of stage breast cancer. Within screening mammaography,
full field digital mammography (FFDM) has become more popular and is gradually
replacing screen film mammography (SFM) [7]. The advantage of mammaography is
that it was able to presenting more microcalcifications, which is uncomplicated and

not time consuming. Some studies have focused on predict chemotherapeutic effects
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with mammography, such as detected tumor size, mammogram density, and texture
characteristics of mammograms. However, breast MRI is the most sensitive tool used
to detection of breast cancer at an early stage [8]. Breast MRI, a noninvasively and
non-radiative medical examination, is used in complement to ultrasound and
mammography for cancer diagnosis, staging, and gaining additional knowledge about
the tumor biology. MRI also finds usage in screening in high risk patients [9];
nevertheless, the harm of MRI is that patients have to endure more economic load
than mammogram.

Along with the development of medical imaging technology, computer aided
diagnosis (CAD) system is more extensive used in present society. The use of CAD
systems as a ‘second reader suggestion’ is becoming welcome due to its consistency,
reliability and speed [11]. The accuracy of CAD is associated to the location and
degree of tumor, the segmentation of the tumor has an immediate impact on the
accuracy of medical diagnosis. Contour of breast tumor can be delineated in manual,
semi-automatic, or fully automatic approach. Radiologists also could obtain
information that is helpful to them by CAD systems, such as the position of breast, the
volume of breast, breast density, the volume of fibroglandular, even the tumor
information.

In computer vision, image segmentation is the procedure of separating a digital
image into multiple paragraphs. The goal of image segmentation is to reduce or
transform the signification of the image, making the image easier to understand and
analysis [12]. Image segmentation is typically used to locate objects and boundaries
(lines, curves, etc.) in images. More exactly, image segmentation is the procedure of
allocating a label to every pixel in an image such that pixels with the same label share
same visual features.

Medical image segmentation methods would be fundamentally classified as
2



threshold segmentation method, edge-based segmentation method [13], region-based
segmentation method [14] and clustering-based segmentation method. The threshold
image segmentation [15] also called histogram thresholding method which depended
on the transform of the grayscale or color value to divide contents in an image.
Threshold segmentation methods are simple but always acquire the undesirable result
when the grayscale distribution is complicated in image. Thresholding methods
depend on the change of the grayscale, such as the Otsu’s method [16]. The Otsu's
method based on the transform of the grayscale and separated image into two parts,
the background and objectives. The optimal threshold is computed according to
background pixels and objectives pixels.

Segmentation by using edge detection depends on the change of gradient in the
image. The classical edge detection methods, such as Canny method [17] and Sobel
method [18], were affected effortlessly by the noise and speckle. The region-based
segmentation method separated image into many regions. Region growing method,
one of the simple region-based image segmentation technique, is based on pre-defined
standard for growth into larger regions by grouping pixels or sub-regions. The region
growing method needs to select optimal seed points and control the growing the
number of times. The main harm of the method is that depended on seed points and
growing time.

Clustering-based segmentation methods [19, 20] minimize the intensity
distance between every pixel and cluster center, such as K-means clustering method
[21]. K-means clustering segmented image into K clusters iteratively, mainly inside
the large measures of data to find the most delegate data points. The data is separated
into many clusters by repeated iteration until no changes and then the method can
create the result of clustering segmentation. However, the K-means clustering data is

also sensitive to noise and solitary points. This method must set the count of clusters,
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and numerous confidence on the initial value.

Threshold segmentation obtains a good result when the intensity distributions of
objects and background pixels are sufficiently different in an image, it is possible to
apply a single (global) threshold value to the entire image. Edge-based segmentation
utilizes the gradient of the image to determine the edge of the object. Clustering-based
segmentation must set the number of clusters and choose a good initial value to
classify the pixels of the image. However, the breast fibroglandular is a connected
tissue in breast MR images. By using a regional growth method to choose an
appropriate seed point, the best breast fibroglandular area would be grown completely,
so the region-based segmentation is the best approach in this study.

In order to obtain the better result of segmentation, image pre-processing
procedure was applied to promote the image quality. The proposed method utilized
the anisotropic diffusion filtering to reduce the noises and speckle in breast MRI.
Then three-dimensional (3D) region based method [22, 23] was performed to segment
the fibroglandular breast tissue. The 3D region growing method [24] clustered the
area by using spatial information in image. The benefit of the method is that performs
well with noise, speckle and the disconnected area of the image were not grouped
together. Finally, the morphological operators were applied to smooth the edge and fill
the hole inside the fibroglandular breast tissue.

Four practical similarity measures between the manually resolute contours and
the automatically detected contours were computed for quantitative analysis of the
contouring result. This study compared the proposed method with the manually
resolute contours. The result of computer simulation showed that the proposed

method always achieved the reliable performance.



CHAPTER 2 MATERIALS AND METHODS

2.1 Materials

Breast MRI was performed with the patient in the prone position. Examinations were
performed with a 3.0-T commercially available system (Verio® ; Siemens AG,
Erlangen, Germany) and use of a dedicated16 Channel breast coil. Imaging sequences
included a localizing sequence, an axial tse_T1 weighted (3 mm), tse_T2_tirm, pre,
during, and post-Gd 3D-FSPGR (1 mm) with fat saturation images, before and five
times after rapid bolus injection of 0.1 mmol/L gadobenate dimeglumine
(Multihence® ; Bracco, s.p.a., Milano, Italy) per kilogram of body weight at a rate of 2
ml/s; followed by a saline flush, acquired at 60 second intervals were obtained. All
obtained images were stored on the hard disk and transferred to a personal computer
using a DICOM (Digital Imaging and Communications in Medicine) connection for
image analysis.

2.2 The Proposed Method

The outline overview of the whole segmentation work-flow is illustrated in Fig. 2.1.

The details of each main step are depicted in the following sections.



Breast MR Imaging

]

Breast Area Segmentation

!

Pre-processing

Anisotropic Diffusion Filtering

!

3D Region Growing

{

Post-processing

Morphological Processing

!

Fibroglandular Breast Area

!

Breast Density Evaluation

Figure 2.1: Flowchart of the proposed method

2.3 Breast Area Acquirement

During detection of fibroglandular breast tissue in breast MR images, the regions that
are negligible such as lungs, heart and thoracic cavity must be removed cautiously to
cut down the computation and promote the accuracy of segmentation. The proposed
method utilized our previous breast area segmentation (BAS) method [25] to obtain
the volume of interest (VOI) on MRI. This automatic method was used to detect
contours of breast region on MRI. The BAS method performed a thresholding method
and morphological processing to decrease the noises and retain the shape of the breast.
Then the projection techniques were performed in the BAS method to distinguish

breast region from other tissues.



In this study, the horizontal projection acquired the histogram that calculated by
the pixels which value equals to one in the pre-processed image. By this step, the
maximum value of projection could be observed, and set as the point of delimitation.
By the coordinate of delimitating point, it is easy to define the delimitating line to
separate the image into the lower region and the upper region. The green line in Fig.
2.2 is the border between breast and the internal organs. Moreover, the vertical
projection was used to separate the breast area and the tissues near the breast. Similar
to the horizontal projection, the vertical projection acquired the histogram that
counted by the white pixels in the pre-processed image. Then, the breast region would
be segmented more precisely. Figure 2.3(a) displays the segmentation after the
vertical projection. The red line is the start point of the breast and the blue line is the
end point of the breast. Obviously, the rough breast boundary was detected. Figure
2.3(b) shows the preliminary result of the proposed projection segmentation. The
contours determined by the method achieved the high similarity to manual sketched

contours. Figures 2.4 demonstrates results of the automatic BAS method.

Figure 2.2: Horizontal projection breast segmentation: Segmented breast area



(@) (b)
Figure 2.3: Vertical projection breast segmentation. (a) Segmented breast area, (b) The

breast region after horizontal and vertical projection segmentation

Figure 2.4: The result of the automatic breast segmentation: the upper row images are
the original breast MRI and the lower row images show the identified breast areas
(red contours)

2.4 Image Pre-processing

Due to breast MR images always include noises, speckles and tissue textures that
make segmentation difficult. Therefore, preprocessing is a significant issue before the

segmentation. The effective preprocessing method for contouring should aim to
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reduce noises and preserve the useful information, such as edge and boundary of the
fibroglandular breast tissues.

The anisotropic diffusion method which based on a fractional differential
equation is very practical not only in image de-noising but also in preserving the
important boundary information. Unlike other filters, such as Gaussian low-pass filter,
would acquire a pleased performance on reducing noise but always lose the detail
information at the same time. Anisotropic diffusion growled the architecture from the
base a Gaussian vague. The method is effective to reduce noise, but not reduce to
major part of image.

Formally, let Q) c R2represent a subset of the plane and I(:, t): Q>R be

gray-level images of a family, the anisotropic diffusion is defined as

% =div(c(x,y,t)VI) = Vc - VI +c(x,y,t)Al, (2.1)

where A denotes the Laplacian, V denotes the gradient, div(...) denotes the divergence
operator, and c(x, Yy, t) denotes the diffusion coefficient. The rate of diffusion is
controlled by c(x, v, t). It often chosen as a function of the image gradient to reserve
the edges of the image. P. Perona et al. proposed the idea of anisotropic diffusion and

defined two functions for the diffusion coefficient

c(IVIN) = e /%) (2.2)

(V1] )= —— 2.3)

v\’
1+ (—K )

where the constant K controls the sensitivity of edges. The proposed method applied
the 3D anisotropic filter to enhance MR images. Figures 2.5 show the de-nosed results
by applying the anisotropic diffusion preprocessing method and Gaussian low-pass
filter. Figure 2.5(a) is an original MRI slice that includes various contrast levels and
noises. The processed images obtained by Gaussian low-pass filtering and the

anisotropic diffusion filtering are shown in Figs. 2.5(b)-(c), respectively. Obviously,
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the anisotropic diffusion method is superior to Gaussian low-pass filtering in

removing noise and preserving edges for the MRI.

(@) (b) (©)

Figure 2.5: Results of image preprocessing: (a) an original MRI slice, (b) through

with Gaussian low-pass filtering, (c) by the anisotropic diffusion method

The idea of threshold segmentation is that the object and background pixels have
gray levels grouped into two superior patterns. One evident way to extract the objects
from the background is to select a threshold, T, that divides these patterns. Then, any
point (x, y) in the image at which f(x, y) > T is called an object point; otherwise, the
point is called a background point. In the other words, the segmentation image, g(x, y),

is defined as [26]

1 iff(xy) >T

gky) = {0 iff(x,y) < T’ (2.4)

when T is a constant applicable over whole image, the procedure given in this
equation is consulted to as global threshold. When the value of T changes over an
image, we use the term variable threshold. The term local or regional threshold is used
sometimes to represent variable threshold in which the value of T at any point (X, y)
in an image relies on attributes of a neighborhood of (X, y). If T relies on the spatial
coordinates (X, y) themselves, then variable threshold is often consulted to as dynamic
or adaptive threshold.

More difficult thresholding problem relating a histogram with three superior

10



patterns relevant, for example, there are two types of light objects on a dark
background. Here, multiple thresholding classifies a point (x, y) as accessary to the
background if f(x,y) < T;, to one objects class if T; < f(x,y) < T, and to the other

object class if f (x, y) > T..That is, the segmented image is defined as [26]

a iff(x,y) >T,
g(x,y) = b ifTy <f(xy)<T,, (2.5)
c iff(x,y) <Ty

where a, b, and c are any three distinct intensity values.
2.5 Fibroglandular Tissue Segmentation
Seeded region growing algorithm [27] is a useful, simple, and sophisticated method
for image segmentation. Basically, the concept of 2D and 3D region growing are
identical. To decide that the seed surrounding pixels whether to have similar feature
with the seed pixel, like gray-scale values, joints and colors. If the surrounding pixels
had similar feature with the seed pixel, the surrounding pixel was accepted into the
same region and then used as the new kernel. This process continued on every
surrounding pixel which was not classified until all pixels of the image were classified.
When neighboring pixel and seed pixel gap was less than a predefined property
threshold Ty, then the pixel vested in this area, the evolution gone until the region
cannot grow outside and formulate a closed area. This study performed the automatic
3D region growing method to separate fibroglandular breast tissue from background.
Let: 1(x, y) represent an input image array; S(X, y) represent a seed array which
include 1s at the locations of seed points and Os elsewhere. In gray-level image, 1s
represent white pixels, Os represent black pixels; and Q represent a predicate to be
applied at the each location (X, y). Arrays | and S are assumed to be of the same size.

A basic region growing algorithms based on 8-connectivity [28] was state as follows:

11



=

Find all connected components in S(X, y) and corrode each connected component
to one pixel; label all such pixels found as 1. All other pixels in S are labeled 0.

2. From an image 1Q such that, at a pair of coordinates (X, y), let 1Q (X, y) if the
input image satisfies the given predicate, Q, at those coordinates; otherwise, let
IQ(x, y) = 0, using intensity differences as a measure of similarity, thus applied at

each location (x, y) is where T is specified threshold.

3. Let g be an image shaped by adding to each seed point in s all the 1-vales points
in 1Q that are 8-connected to that seed point.
4. Label each connected component in g with a different region label (e.g., 1, 2,

3, ...). This is the segmented image acquired by region growing.

The center of mass of a system of corpuscles is the point that moves as though:
(1) All of the system’s mass were centralized there; (2) All outside strength were
applied there. Let the mass of the corpuscles are my, my, ..., mn, which located at x,
X2, ..., Xn, respectively. If the total mass is M= m1, my, ..., my, the location of the

center of mass (in Fig. 2.6) Xcom IS

1
Xcom = MZ?:l m;X;. (2-6)

12



XCOI‘ﬂ

A

Figure 2.6: Center of mass
The locations of the 3-D center of mass are given by:
Xcom = ﬁZ?ﬂ MiX; , Yeom = % i=1 Mi¥i , Zeom = ﬁZ?ﬂ m;z;. (2.7)
This study utilized the BAS method to generate breast area as VOI. The center
voxel of VOI was selected as initial seed point for following region growing. The
initial seed point for 3D regional growth was based on by 26 neighbors
(26-connectivity) along the seed point to find pixels with similar intensity values (Fig.
2.7), and then the procedure repeated to stop the extension.
1. Utilize selected voxel as the initial seed point
2. Find the local 26- neighborhood voxels of the seed point
3. Absolute difference of intensity between a voxel the seed point, if the intensity of
the voxel < Ty, it was assigned into breast fibroglandular region; otherwise, it
was considered as the background
4. The whole procedure was repeated until no further changes happen

The 3D region growing method clusters the area using spatial information, it

13



could perform well to image with noise and speckle and the disconnected area of the
image were not clustered together. The proposed method set the center voxel of VOI
as an initial seed point due to the largest volume of the breast fibroglandular region

always shows in the middle location of breast area.

Sticel | [ | [ 1

Middle-1 slice | | | | |

< L < £
II/ I,I III III I,I
Middleslice ([ [ [ [

Middle+1slice [~ [ | |

Slicen | | [ | |

Figure 2.7: Neighbors (the blue voxels) within the 26-connectivity

2.6 Fibroglandular Area Refinement

An extracted breast fibroglandular region was acquired after the segmentation of 3D
region growing procedure. However, the procedure might produce excessive tiny
bifurcations due to the tissue portion in fibroglandular region possesses a similar
intensity sometimes. Thus a post-processing procedure was in need to eliminate the
undesired regions of fibroglandular breast tissue. Morphological operators [29], i.e.
erosion, dilation, duality, opening, closing, hit-or-miss transformation and fill-hole,

were utilized to exclude undesired regions.
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With A and B as sets in z2, the dilation of Aby B, denoted A @ B, is defined as
A®B={z|(B), NA = 0}. (2.8)

This equation is based on mirroring B about its source, and diverting this reflex
by z .The dilation of A by B then is the set of all displacements, z, such that B
and A overlap by at least one element.
With A and B as sets in z2, the erosion of A by B, denoted A © B, is defined as

ASB={z|(B), € A} (2.9)
In words, this equation represents that the erosion of A by B is set of all points z
such that B, translated by z, is included in A.
Opening familiarly smoothes the profiles of an object, breaks petty isthmuses,
and removes thin protrusions. The opening of set A by structuring element B,
denoted A o B, is defined as

A-B=(ASB)®B. (2.10)
Therefore, the opening A by B is the erosion of A by B, followed by a dilation of
the result by B, as shown in Fig. 2.8.
Closing also tends to smooth sections of profiles but, as opposed to opening, it
familiarly fuses petty breaks and long thin gulfs, removes small holes, and fills
gaps in the profile. The closing of set A by structuring element B, A - B, is
defined as

A-B=(A®B)OB. (2.11)
Which talks that the closing A by B is simply the dilation of A by B, followed

by an erosion of the result by B, as shown in Fig. 2.9.
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The morphological hit-or-miss transform is a basic tool for shape detection. A
hole may be defined as a background region surrounded by a connected border of
foreground pixels. Moreover, the post-processing could cause the boundary smoother
and fill the holes inter of breast fibroglandular region. Figure 2.10 shows the result of

the proposed post-processing procedure.

el
Translatesof Bin A == P \\
/ S,
B
S /’
S Ve
S, /
() (b)

N\
A4

(©) (d)
Figure 2.8: (a) Structuring element, (b) structuring element B "rolling" along the inner
border of A (the dot represent the origin B), (c) the heavy line is the outer border of

the opening and (d) complete opening (shaded)
16



(©)
Figure 2.9: (a) Structuring element, (b) structuring element B "rolling" along the outer
border of A, then the heavy line is the outer border of the closing and (d) complete

closing (shaded)

(a) (b)
Figure 2.10: Result of the image post-processing: (a) the extracted fibroglandular

region and (c) result of the post-processed region

17



CHAPTER 3 RESULTS

This study totally experimented 10 cases to test the accuracy of the proposed
segmentation method. The breast MR images were accumulated by comprehensive
Breast Cancer Center of Changhua Christian Hospital, Taiwan. The capturing
resolution of breast MR images was 512 x 512 x 60 with 16 bits per pixel. Each
monochrome MRI image was quantized into eight bits with 256 gray levels. Field of
view (FOV) of the images is 320 mm and the slice thickness is 3 mm. The proposed
automatic segmentation method was implemented by Matlab (R2012a, MathWorks
Inc., MA). The simulations were performed on a single CPU Intel i7 3.6 GHz

personal computer with Microsoft Windows 7 operating system.

Figure 3.11: Final segmentation results of fibroglandular breast tissues (red regions)

The proposed image preprocessing methods was first performed to reduce noise
and preserve detail information. The anisotropic diffusion filtering set the conduction
coefficient kappa as 70 experimentally. Image segmentation procedure employed 3D
region growing method with the intensity threshold Tpas 40 to extract fibroglandular

breast tissues. Due to a 3D MRI included numerous image slices, Figs. 3.11
18



demonstrate the partial segmentation results from a case which extracted the
fibroglandular tissue on right breast by using the proposed method. The extracted
breast area and fibroglandular tissues were applied to construct and render the 3D

demonstration of breast MR, as shown in Figs. 3.12.

L-R: -22.6 S-I: -36.6 Roll: 19.7

(b) (c)
Figure 3.12: 3D demonstrations (right breast): (a) appearance of the chest, (b) breast
area using the BAS method and (c) extracted fibroglandular region using the proposed

method
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3.1 Breast Density Evaluation

Due to Accurate volume of fibroglandular tissues and breast density have been shown
to help physicians to effectively predict the risk of cancer. Breast volume [30] is
defined as that analysis on a pixel-by-pixel basis inside the breast (excluding the
pectoral muscle). Gland volume is defined as that considers the whole imaged breast
contour, including those parts of the breast that were not compressed. Breast density is
defined as that the appraised fibroglandular tissue volume by the appraised breast
volume to define the volumetric percent of fibroglandular tissue in the breast. Table
3.1 shows the breast volume, gland volume, density values of the 10 cases by using
the proposed method.

Table 3.1: Breast volume, gland volume, and breast density values evaluation

Case # Breast volume(cc)  Gland volume(cc) Breast density
01 344.28 103.45 0.300
02 526.74 162.53 0.309
03 977.39 197.19 0.202
04 475.43 198.62 0.418
05 229.71 59.11 0.257
06 286.81 66.92 0.233
07 610.61 308.68 0.506
08 835.24 219.39 0.263
09 542.59 223.79 0.412
10 450.86 70.88 0.157
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3.2 Evaluation of Contour

Quantitative analysis of four practical similarity measures, the similarity index (SI),
overlap fraction (OF), over value (OV), and extra fraction (EF), between the manually
resulted contours and the automatically resulted contours comparison. REF stands for
the results sketched by the physician manually, and SEG represents the region of
breast fibroglandular described by our automatic segmentation method. Sl is the
similar degree between REF and SEG. The overlap area includes the area of the
proposed method and manual sketching by physician, extra area means the false
positive area and missing area means false negatives area. Figure 13 illustrates the

relationship between the REF and SEG. The SlI, OF, OV and EF are defined as

_ 2#(REF I SEG)

sl (3.1)
REF + SEG
oF - REFI SEG (3.2)
REF
_ REF 1 SEG (33)
" REF Y SEG
REF I SEG
EF=——— 4
REF ’ (34)

when SI, OF, OV approach to 1, and EF approach to 0, it indicates that the breast
fibroglandular area segmented by our method is similar to the result that delineated by
physician. The overlap represents the area of the intersection of the reference and the

automated segmentation. Table 3.2 shows the four similarity measures of all cases.
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SEG REF

Figure 3.13: The relationship between the tumor segmentation by SEG (segmented by
the proposed method) and REF (manually delineated by an experienced physician)

Table 3.2: The four similarity measures of all cases

Case # SI OF ov EF
2 0.8544 0.8249 0.7458 0.1061
4 0.8047 0.7777 0.6733 0.1551
7 0.8667 0.8789 0.7647 0.1493
8 0.8135 0.8430 0.6857 0.2295

SI: similarity index; OF: over fraction; OV: over value; EF: extra fraction

The segmentation result of proposed method is shown on Figures 3.14-3.17.
Figures 3.14(a) to 3.17(a) show Original MRI image. Figures 3.14(b) to 3.17(b) show
Region growing result. Figures 3.14(c) to 3.17(c) show post-processed result. Figures

3.14(d) to 3.17(d) show the gland area which sketched manually by physician.
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(b) (©) (d)

(@)

Figure 3.14: The result of case 2 of proposed method (60 slices per case). (a) Original

MRI image (green line is breast area), (b) region growing result, (c) post-processed

result, (d) manual gland area by physician
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Figure 3.14: The result of case 2 of proposed method (60 slices per case). (a) Original

MRI image (green line is breast area), (b) region growing result, (c) post-processed

result, (d) manual gland area by physician (Continued)
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(@)

Figure 3.15: The result of case 4 of proposed method (60 slices per case). (a) Original

MRI image (green line is breast area), (b) region growing result, (c) post-processed

result, (d) manual gland area by physician
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(@) (b) (©) (d)

Figure 3.15: The result of case 4 of proposed method (60 slices per case). (a) Original

MRI image (green line is breast area), (b) region growing result, (c) post-processed

result, (d) manual gland area by physician (Continued)
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(@) (b) (©) (d)

Figure 3.16: The result of case 7 of proposed method (60 slices per case). (a) Original

MRI image (green line is breast area), (b) region growing result, (c) post-processed

result, (d) manual gland area by physician
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Figure 3.16: The result of case 7 of proposed method (60 slices per case). (a) Original

MRI image (green line is breast area), (b) region growing result, (c) post-processed

result, (d) manual gland area by physician (Continued)
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Figure 3.17: The result of case 8 of proposed method (60 slices per case). (a) Original

MRI image (green line is breast area), (b) region growing result, (c) post-processed

result, (d) manual gland area by physician
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Figure 3.17: The result of case 8 of proposed method (60 slices per case). (a) Original

MRI image (green line is breast area), (b) region growing result, (c) post-processed

result, (d) manual gland area by physician (Continued)
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CHAPTER 4 DISCUSSION AND CONCLUSSION

The advantages of MRI are non-invasive, non-radioactive, high sensitivity and
multi-view images. Therefore, breast MRI become more extensive used to diagnose
breast cancer in medical imaging tools. Along with the growth of medical imaging
technology, the CAD system is used in diagnosis more popularly than before.
Radiologists also could acquire information that is helpful to them by CAD systems,
such as the location of breast, the volume of breast, the volume of fibroglandular,
breast density, even the tumor information.

This study proposed a fast and high accuracy method to identify fibroglandular
tissue on breast MRI. The proposed method applied anisotropic diffusion filtering as
the pre-processing step to reduce the noises and reserve the shape of the
fibroglandular breast tissues. The breast area was used to locate the initial seed point
and then the 3D region growing segmentation method automatically produce a precise
region of the fibroglandular breast tissues. The image database including 10 cases
were used to evaluation in this study. We found that the proposed method determines
the breast fibroglandular region that are very similar to manual sketched region. The
development of this automatic segmentation method is important and its medical
application is useful. This work could reduce the wrong decision by the physician
who is inexperienced.

According to the experiment of 10 cases (Table 3.1), it displays some benefits of
the proposed method: (1) The proposed algorithm is adaptive to every case. User
don’t need to correct any parameter. (2) It was easy to find seed points automatically.
(3) User just need to select the series of MR images and the breast volume, gland
volume, breast density could be computed by system. (4) It is an efficient algorithm.

The calculation time for the whole segmentation of one case only take within 40
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second, including pre-processing and describing the gland contour. To summarize
those advantages, the result displays to be essential in computer-aided analysis
systems. In addition to the segmentation result is confirmed by physicians that is
precious for the breast cancer research.

The performance analysis is inspected by four practical similarity measures in
Table 3.2. The Sl is higher than 0.8 and the EF is lower than 0.3. It means that the
proposed segmentation method is excellent and confidence. The other six cases, the
breast fibroglandular area is an unconnected tissue which leads to the breast
fibroglandular area drawn by the physician is incompleteness. Therefore, the
similarity measures would not be applied to this cases. Moreover, when the proposed
method located the center of mass which is outside the breast fibroglandular area.
This situation would lead to the incorrect cutting of the regional growth method. Thus
the proposed method provided a semi-automatic procedure which permitted doctor to
select an appropriate seed point to segment the breast fibroglandular.

In the 10 cases of this study, the performance of a few cases was unsatisfied and
then the improvements are still required. For example, the proposed system acquired
an unsatisfied result of the fibroglandular region because of the insufficient gland, as
shown in Fig. 4.18. In the future, we may improve our method to reach the purpose of

extracting the fibroglandular tissue.
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(@) (b) (©)

Figure 4.18: The defected results by the proposed method (60 slices per case). (a)

Original MRI image (green line is breast area), (b) region growing result, (c)

post-processed result
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