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Abstract

Architectural Distortion is a very important finding in interpreting
breast cancers as well as microcalcification and mass on digital
mammograms. During screening mammography, architectural distortion
Is generally missed because of its subtlety; however architectural
distortion has high potential for malignancy. Computer-aided diagnosis
(CAD) techniques can improve the performance of radiologists in
detecting masses and calcifications, however, most CAD systems have not

been designed to detect architectural distortion.

The objective of this work is to develop an automated image
processing algorithm to detect architectural distortion in digital
mammograms based on irregular concentration of mammary gland.
Digital image of a breast in mammogram is modeled as a topographic
image intensity surface whose contour map is used to find the linear
structures of the mammary glands. The irregular concentration of these
linear structures is indicative of architectural distortion being present in

a mammogram.

The proposed approach was tested on various mammograms from
mini-MIAS database containing both normal and architectural distortion
cases and the initial results are promising. The methodology needs to be
rigorously tested on a larger database, so as to be of greater practical
use.
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Introduction

Breast Cancer is the second leading cause of cancer deaths in
women today (after lung cancer) and is the most common cancer among
women, excluding nonmelanoma skin cancers. According to the World
Health Organization, more than 1.2 million people will be diagnosed with
breast cancer each year worldwide. The American Cancer Society
estimates that 178,480 new cases of invasive breast cancer will be
diagnosed in 2007. About 40,910 breast cancer deaths are expected in
2007. According to the American Cancer Society, the chance that breast

cancer will be responsible for a woman's death is about 1 in 33 [1].

According to National Cancer Institute of Canada, the lifetime probability
of the development of breast cancer in women in Canada is 1 in 8.8, with
a lifetime probability of 1 in 27.4 of dying due to the disease [2]. In the
western world, this percentage is 27% and about 1 in 10 to 12 women
will have to face breast cancer. In most European countries the aged
standardised mortality rates for breast cancer range from 15 to 30 for
every 100,000 women making breast cancer the most important cause of

cancer-related mortality for women [3].

1.1 Early Detection and Mammograms

Screening Mammography is the best available tool for detecting early
breast cancer, screening programs have been shown to reduce mortality
rates by 30-70% [4],[5, Ch 19]. Mammography is an X-ray technique

developed specifically for the breast. It is based on the differential
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absorption of X-rays between the various tissue components of the breast

such as fat, connective tissue, tumor tissue and calcifications.

One of the most recent advances in x-ray mammography is digital
mammography. Digital (computerized) mammography is similar to
standard mammography in that x-rays are used to produce detailed
Images of the breast. Digital mammography uses essentially the same
mammography system as conventional mammography, but the system is
equipped with a digital receptor and a computer instead of a film cassette.
With digital mammography, the magnification, orientation, brightness,
and contrast of the image may be altered after the exam is completed to

help the radiologist more clearly see certain areas [1].

Mammography is used both as a clinical tool to examine
symptomatic patients and for screening. Screening mammographic
examinations are performed on asymptomatic woman to detect clinically
unsuspected breast cancer early. Two views of each breast are recorded;
the craniocaudal (CC) view, which is top to bottom view, and
mediolateral oblique (MLO) view, which is side view taken at an angle.
Requirements for mammography are high contrast, high spatial
resolution, and minimal radiation exposure. High contrast is needed
because differences in density between normal and pathologic structures
of the breast are small. The detection of micro-calcifications requires both
high contrast as well as a high spatial resolution. Minimal radiation
exposure is essential as in screening programmes women frequently

undergo mammaography, often annually or bi-annually.

Radiologists  visually search mammogram for specific

abnormalities. Some of the important signs of breast cancer that
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radiologists look for are clusters of micro-calcifications, masses and

architectural distortions.

1.1.1 Mass lesion: Most breast tumors, benign as well as malignant

ones, present as a focal mass lesion. The most important sign of
malignancy is the presence of spiculation. This is a stellate pattern of
lines directed towards the centre of a lesion. The border of a mass may
also give information about the potential malignancy of a lesion. Benign
masses are often characterised by sharp, circumscribed borders.
Malignant masses on the other hand frequently have ill-defined or

spiculated borders.

1.1.2 Micro-calcification: Another sign of malignancy is the

presence of micro-calcifications. These are tiny deposits of calcium,
which appear as small bright spots on the mammograms. They are

characterised by their type and distribution properties.

1.1.3 Architectural Distortion: It is defined in BI-RADS [6] as

follows: “The Normal Architecture (of the breast) is distorted with no
definite mass visible. This includes spiculations radiating from a point

and focal retraction or distortion at the edge of the parenchyma”

Architectural distortion could be categorized as malignant or
benign; the former includes cancer while the latter includes scar and soft-
tissue damage due to trauma. According to van Dijck et al. [7], “in nearly
half of the screen-detected cancers, minimal signs appeared to be present
on the previous screening mammogram 2 years before the diagnosis.”

Burrell et al. [8], in a study of screening interval breast cancers, have



showed that architectural distortion is the most commonly missed
abnormality in false-negative cases. Sickles [9] has reported that indirect
signs of malignancy (such as architectural distortion, bilateral asymmetry,
single dilated duct, and developing densities) account for almost 20% of
the detected cancers. Broeders et al. [10] have suggested that
improvement in the detection of architectural distortion could lead to an

effective improvement in the prognosis of breast cancer patients.

1.2 Challenges in Mammography

Early detection via mammography increase breast cancer treatment
options and the survival rate. However, mammography is not perfect.
Detection of suspicious abnormalities is a repetitive and fatiguing task.
For every thousand cases analysed by a radiologist, only 3 to 4 are
cancerous and thus an abnormality may be overlooked. As, a result,
radiologists fail to detect 10-30% cancers [11-13]. Approximately two-
thirds of these false negative results are due to missed lesions that are
evident retrospectively [14]. Due to considerable amount of overlap in the
appearance in the malignant and benign abnormalities, mammography
has a positive predictive (PPV) value of less than 35% [15], where PPV is
defined as the percentage of lesions subjected to biopsy that were found
to be cancer. Thus a high number of biopsies are performed on benign
lesions. Avoiding benign biopsies would spare women anxiety,

discomfort, and expense.

CAD systems have been developed to aid radiologists in detecting
mammographic lesions that may indicate the presence of breast cancer.
These systems act only as second reader and final decision is made by the

radiologist. It is important to realize that mammographic image analysis
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Is an extremely challenging task for a number of reasons. First, since the
efficiency of CAD systems can have serious implications, there is need
for near perfection. Second, the large variability in the appearance of the
abnormalities makes this a very difficult image analysis task. Finally,
abnormalities are often occluded or hidden in dense breast tissues, which
make detection difficult. However, current CAD systems are devised to
detect masses and micro-calcifications, and hence they work poorly at the
task of detecting other less prevalent but clinically significant lesion
types, particularly architectural distortions. Figures 1 and 2 depict two
mammograms with and without architectural distortions from mini-MIAS
database. Figure 3 shows the region of interest of the mammogram image
of Figure 2 that includes an architecturally distorted region identified by
radiologist [16].
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Figure 1: A mammogram showing a normal breast, from the Mini-
MIAS database (mdb243).
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Figure 2: Architectural distortion present in a mammogram from

the mini-MIAS database (mdb115). The square box overlaid on the
figure represents the region of interest (ROI) including the site of
architectural distortion (enlarged in Figure 3).
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Figure 3: A detail of mammogram mdb1ll5 showing the

architectural distortion site marked by the box in Figure2.

The breast contains several piecewise linear structures, such as
ligaments, ducts, and blood vessels, that cause directionally oriented
texture in mammogram. The presence of architectural distortion is
expected to change the normal oriented texture of the breast. To address
the problem of detecting architectural distortion in a mammogram several

methods exist in literature.

Ayres and Rangayyan [17] have used phase portraits to
characterize architectural distortion in mammograms. They have used
Gabor filters to detect linear patterns and the orientation of local texture
in mammograms. The results of Gabor filtering is then analysed using
phase portraits. A linear discriminant classifier is used to classify whether

ROIs contains architectural distortion or other parenchymal patterns.

Eltonsy et al. [18] have utilized morphological effects on breast

parenchyma due to cancer infiltration, to characterize architectural
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distortion in mammograms. The main morphological features used by

them are area, solidity, extent and eccentricity.

Guo et al. [19] have applied support vector machine to detect
architectural distortion in mammograms. They have used Hausdroff

dimension to characterize the texture feature of mammograms.

Tourassi et al. [20] have explored the application of fractal analysis

to the investigation of architectural distortion in screening mammograms.

Whitman et al. [21] have developed a new class of linear filters,
named Radial Spiculation Filters (RSF) to detect architectural distortion
in mammograms. These RSF are applied on an enhanced image obtained

by filtering mammogram in the Radon domain.

Rashed et al [22] have used wavelet multilevel decomposition to
transform a mammogram into a feature vector. This vector is then used to
train a multi-layer perceptron to detect architectural distortion in a

mammaogram.

Zaiane et al. [23] have used Association rule mining classification
technique to classify a mammogram into three classes- normal, benign,

and malign.
Matsubara et al. [24-26] have used mathematical morphology to

detect architectural distortion around the skin line and a concentration

index to detect architectural distortion within the mammary gland.
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1.3 Contribution and Organization of the thesis

The approach taken in this project is a modification of Matsubara
et al [24-26] methodology for detecting architectural distortion within the
mammary gland. Efforts have been made to utilize contour information
from a mammogram. Contour information can give better continuous
linear structure information which is not possible from existing

Matsubara technique which uses different shape filters.

The thesis is organized as follows. Chapter 2 explains the
methodology used in this project. Chapter 3 deals with the results and
discussion thereof. Chapter 4 contains the conclusion and future scope of

present proposal.

1.4 Summary

Breast Cancer is a major cause of cancer deaths in women today.
Screening Mammography is an X-ray technique developed specifically
for the breast, and is the best available tool for detecting early breast
cancer. Out of various indications of breast cancer, architectural
distortion is the most commonly missed abnormality in false-negative
cases. Present day CAD systems work poorly at the task of detecting less
prevalent but clinically significant lesion types, particularly architectural
distortion. Several approaches to detect architectural distortion in
mammograms exist. The next chapter explains the methodology used in

this thesis to detect architectural distortions.
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Chapter IT

Methodology
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Methodology

The images of mammary glands in mammograms are approximated
by linear structures. The distributions of mammary glands can be
approximated by the distribution of these linear structures. The mammary
glands within normal breast are towards the nipple; on the other hand,
those within abnormal breast are usually towards the suspect area. A
schematic is shown in Figure 4. The suspect area is determined by
concentration index (CI) calculated by lengths, directions, and distances
of the linear structure [24-26]. CI is a kind of nonlinear filter which
calculates at each pixel the degree of concentration of line patterns to that
pixel. The concentration index of the distorted area has a high value
because the linear structures of the mammary gland are towards the

suspect area.

Figure 4: Simplified illustration of (a) normal image, (b) image of
architectural distortion with concentration of mammary gland
(center), and (c) areas for calculating concentration index of

mammary gland [25].
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2.1 Binarization Process-finding linear structures

To find the linear structures in a mammogram, intensity image of a
breast is modeled as topographic surface. The contour map of
mammogram (see section 2.1.1), obtained by considering isolines at
various intensities, contain information about the intensity distribution in
mammograms, which are gray-scale images. This intensity distribution
can be utilized to identify the suspicious region. The underlying
assumption is that, the distorted tissues tend to be light areas (white/bright
regions on films); on the other hand, the surrounding regions around the
architectural distortions are dark because these areas contain considerable
amount of fat tissue. As a result the regions of architectural distortions are
expected to be enclosed within closed contours, with broken, incomplete

or no contours of significant length within.

2.1.1 Implementation: Let I(x,y) be the gray value of mammogram

of size rowxcolumn, ie. O<x<row and O<y<column. For the
mammograms considered in this project I1(x,y) {01......,255}

and let Max = Maximun{l(x, y)]-1
Min = Minimun{l(x, y)]+1

Let C(x,y) be a matrix of same size as 1(x,y)and initialized to zero.

C(x,y) Is the contour map of the mammogram.
Divide the interval Max—Min in 't' equal parts (t=10 is a good

choice, determined experimentally) and form images 1I;(x,y) for

j=12.....t where
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(2.1)

1 if 1(x,y) <Min+(j—1)*(Max— Min)/t
Ij(x!y): .
0, otherwise

Now find the boundary of the binary image 1,(x,y) for each j. Add

the boundary of 1,(x,y) to C(xy) to obtain total contour map of the

mammogram at jth step. Also perform thinning [27] of C(x,y) after each

addition of boundary of I,(x,y) to keep contours single pixel thick.

For each contour in C(x,y), calculate its length and eliminate those

contours whose lengths are less than a chosen threshold (10 pixels in
current work). The resulting contour image so obtained is taken for the

calculation of concentration index.

2.2: Concentration Index (CI): Cl is a kind of nonlinear filter

which is applicable to local feature extraction of complicated linear
texture pattern [28]. This filter calculates at each pixel the degree of
concentration of line pattern to that pixel. Let us consider the line pattern

as shown in Figure 5.

\\\_ ﬁf
3///&2:

Figure 5: lllustrative example of line pattern textures [28].
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Local patterns in Figure 5 have different features at different places. In
the neighborhood of point ‘A’, for example, curved lines look like
concentration at the point ‘A’. In the neighborhood of ‘B’, on the other
contrary, none of such concentration is observed, and all the lines run in

parallel to each other.

2.2.1: Quantitative Measurement of Concentration: Suppose
that a binary line pattern is given in the continuous plane 1@2:. Let us

consider an arbitrary pattern P, its neighborhood R in the plane, and a

arbitrary point Q on a line pattern in R. Then the contribution by the
small line element at Q towards the concentration of the pattern on the
point P is given by dx|cose]/ 1 (2.2)
where dx is the length of a line element at the point Q,
« is the angle between the line element and line segment PQ, and
r is the distance between P and Q.

The value given by equation 2.2 is regarded as the contribution to

concentration index, by the small line element at Q towards the point P.

Basing upon this measure, Concentration Index ClI at a point P is

defined as follows (Figure 6):

D (dx|cosa|/r)
> (dx/r)

where > = summation over all points on the line patterns in the

CI(P) = (2.3)

neighborhood R. This index means that the magnitude of the component

of a line element at Q directed to the point P is weighted by the inverse
of the distance from Q to P and is summed over the local area R. The

summation is normalized by the sum of the length of the line element
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weighted by the inverse of the distance PQ so that the effect of the total
length of the pattern in the area Ris cancelled.

This index is calculated at all points in the image; therefore, such
operation of calculating CI is regarded as a kind of local operation or a

nonlinear filter for image processing.

2.2.2: CT filter on the digital Image: In this thesis on a digital
image, line element is defined as follows. Let us consider a digitized
binary line pattern. Every 1-pixel on a line pattern (assuming 8-
connectivity for line patterns) is classified by the method in [29] into four
types- edge point, connecting point, branch point and crossing point. The
line element is defined only at a connecting point. A connecting point
always has two adjacent 1-pixels in its 8 neighborhood. Therefore, letting
Q,and Q,be two 1-pixels adjacent to a connecting pointQ,, assignto Q, a

line element 1(dx, o) by the following rule (Figures 6 and 7)

dx (length of the line element at Q,)

= half of length of the segment Q,Q,

@ (direction of the line element at Q,

= direction of line segmentQ,Q, .

—o— : line element
R: neighborhood of P

Figure 6 lllustration of Concentration Index [28].

- Xxiii -



Note that only four types of line elements shown in Figure 7 may
exist except configurations symmetric (i.e. 12 more) to them in suitable

sense (see Appendix A for all such patterns).

Qt Q; Q,l Q1
Qo Qo Qo
Q2 Q2 Q2

-9 : | ine element
(a) (b) (c) (d)

Figure 7 Line elements in a digitized line pattern as defined in this
thesis.
2.2.3: Properties of the CI: CI has the following properties

1) 0<Cl <1

2) If a line pattern in the neighborhood R consists of straight line
patterns passing through the point P, then CI atPis 1.

3) If a line pattern in the neighborhood R consists of circle with the

common center point P, CI atPisequal to 0.

2.2.4: Implementation: Once we have the contour map C(x,y)of a

mammogram, from section 2.1, we examine the 8-neighborhood of each
1-pixel (contour pixel) to determine whether it is a connecting pixel or
not. Based on this information a label-map L(x,y)Is created, where L(x, y)

Is of size rowxcolumn.
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L(x,y)=0 if C(x,y) isnota connecting pixel
=i if C(x,y) is aconnecting pixel of type i.

where ie{L2,......, 16}. Refer Appendix A for 16 connecting pixel types.

Now at each location P of L(x,y), labels of connecting pixels in the
neighborhood Rare observed and CI is calculated to form another same
sized image Cl(x,y) using equation 2.3 Note that for a connecting pixel
of type i the values of dxand ¢ are fixed. Thus values of dxand ¢ need
not be calculated each time a connecting pixel of type i is encountered in
neighborhood R. For example consider the line element 1(dx,0) for case
(@) in Figure?.
Here dx= half of length of the segment Q,Q,

= 2pixel/2=1 pixel.

6 = direction of line segmentQ,Q, .

= 90°
Figure 8 is a synthetic image of size 11x11 with 1-pixel lying on
diagonals in the upper half of the figure. Figure 9 shows the CI for Figure

8, with Ras entire image.
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Figure 8 A synthetic image having two lines along the diagonal.

Figure 9 CI for Figure 8.

- XXVI -



As can be seen from Figure 9 the intersection point of two diagonals is
brightest, since the value of CI at intersection point is 1(maximum) by

property 2 (section 2.2.3).

2.3: Summary

Mammary glands within breast are approximated by linear
structures. To find the linear structures in a mammogram intensity image
of a breast is modeled as topographic surface. The contour map of
mammogram is used to find the concentration index due to linear
structures within mammograms. The suspect area is determined by
concentration index (CI) calculated by lengths, directions, and distances
of the linear structure. Results of the proposed scheme are discussed in

chapter 3.

- XXVil -



Chapter III

Results and Discussions

- XXVili -



Results and Discussions

In this chapter the output of the methodology explained in Chapter 2,
when applied to a mammogram is presented. Figure 10 shows the linear
structures obtained after the binarization step (section 2.1), for the Region
of Interest (ROI) selected from mammogram mdb115 of mini-MIAS
database (Figure 1). The ROI here corresponds to the entire breast, but

any ROI can be selected.

FigurelO Line elements for ROI selected from mdb115 of
mini- MIAS database.( with Max=244; Min=15  t=10.)

Figure 11 shows the Concentration Index for the Figure 10. The
neighborhood Rchosen to calculate CI is window of size 20x20pixels

centered at the pixel at which CI is being calculated. As can be seen the
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Cl image contain islands of black pixels surrounded by brighter pixels.
These black islands are potential sites for architectural distortions. As
mentioned earlier, the distorted tissues tend to be light areas (white/bright
regions on films); on the other hand, the surrounding regions around the
architectural distortions are dark because these areas contain much fat
tissue. Due to this reason architectural distortion sites are expected to be
enclosed within a contour, and since we have eliminated contours smaller
than a specific length (10 pixels in present work), no contours are

expected within a region of architectural distortion.

A few of them are definitively false positive like the region of pectoral
muscle, enclosed in red quadrilateral, observed at top right side of the
image. The actual architectural distortion site (according to the
information available in mini-MIAS database) is also enclosed in red

quadrilateral and can be seen in the middle of the image.

Figure 11 CI for ROI selected from mdbl1l5 of mini- MIAS

database (with R as a window of size 20x20 ).

- XXX -



Figure 12 and Figure 13 shows the result for mammogram mdb129,
which is classified as normal in mini-MIAS database, for illustration

purpose.

Figure 12 Line Pattern for ROI selected from mdb129 of mini-
MIAS database (with Max=238; Min=15 t=10).
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Figure 13 CI for ROI selected from mdb129 of mini- MIAS
database (with Ras window of size 20x20 ).

Table 1 shows the result of proposed methodology on 10 different
mammograms from mini-MIAS database. According to mini-MIAS
database, 5 of these mammograms are of normal breasts and other five

have architectural distortion present in them.
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Table 1

Mammogram | Type as per | Max | Min t Window size of | No. of | Whether
Number mini-MIAS neighborhood R | False AD
database Positive | detected

mdb115 ARCH 244 | 15| 10 20x 20 1 Yes
mdb129 NORM 238 | 15| 10 20x20 3 -NA-
mdb079 NORM 232 | 15| 10 20x20 4 -NA-
mdb113 NORM 241 | 15| 10 20x 20 3 -NA-
mdb033 NORM 213 | 15| 10 20x20 2 -NA-
mdb201 NORM 241 | 15| 10 20x20 3 -NA-
mdb117 ARCH 237 | 15| 10 20x 20 2 Yes
mdb121 ARCH 231 | 15| 10 20x20 3 Yes
mdb163 ARCH 234 | 15| 10 20x20 4 Yes
mdb125 ARCH 230 | 15| 10 20x20 3 No

As seen from Table 1 the proposed methodology is able to report
architectural distortion in 4/5 cases which means that the proposed
methodology scores high on the parameter of having low false negative
rate. However the number of false positive per image is 2.8, which is bit
high.

3.1 Summary

The results are shown for 10 mammograms taken from mini-MIAS
database. The parameters t (number of iso-levels considered) and
R (neighborhood) are obtained experimentally. The average number of
false-positive per image points to the need for improvement. In the next

chapter conclusions and future scope of the project is discussed.
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Chapter IV

Conclusions and Future Scope
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Conclusions and Future Scope

This project presents a new approach to find architectural
distortions in mammograms based on the contour map and the
concentration index. The results obtained are compared with the
information available along with the mammograms, and it is felt that the
proposed methodology holds promise. At this stage it is far from optimal,
and needs to be rigorously tested with wide variety of mammograms from
different databases. Moreover the current work focuses only on the
architectural distortion present within the breast and does not take into
consideration cancers around skinline [24]. The approach need to be

extended to include skinline cancers also.

The algorithm at this stage of development has a significant
number of false positive per image; other measures like isotropy index,
size of suspicious site, contrasts, pixel values etc need to be explored to
reduce the rate of false positive by utilizing more and more information
present in the mammogram. A useful extension could be the coupling of

the methodology with a classification scheme like neural network.
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Appendix A

Following are the 16 arrangements for which the center pixel in

3x 3 neighborhood is defined to be connecting pixel.

0

0
1

1
1
1

(1)

(4)

©)

(2)

0

1

1

0

0

(8)

()

(6)

(5)

0
1
0

0
1
0

(12)

(11)

(10)

©)

0
1
0

1
0

(16)

(15)

(14)

(13)
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