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Abstract—Amethod for the detection of the most commonly
missed breast cancer anomaly, Architectural distortion, is
proposed here. The distorted abnormal structures
associated with Architectural distortion in suspicious
regions are extracted using geometrical properties of edge
features based on an energy model. Contours obtained from
a modified Single Univalue Segment Assimilating Nucleus
filtered mammogram, are employed for this purpose. A
Pectoral muscle delineation technique is incorporated in the
proposed method to reduce false positive rate.A ranking
value of these potential regions based on linear and
converging properties is computed to identify the probable
origins of architectural distortion. Experimental analysis is
performed on 100 images obtained from Lakeshore Hospital,
India. The results are verified by expert radiologists. The
proposed algorithm is successful in 94 mammograms and
the results are found to be promising.

Index Terms—mammograms, modified SUSAN filter,
Energy model, shortest centroid distance, ranking metric,
Architectural distortion

I. INTRODUCTION

About 25-31% of cancer occurrences in India are that
of breast cancer [1], where it becomes one of the leading
causes of fatality among women. Even though the
incidence of breast cancer in India is lesser compared to
developed countries like U.S and China, mortality is very
high. According to the statistics in 2013 of World Health
Organization (WHO), 70,218 women inIndia died due to
breast cancer [2]. As per the statistics by WHO, one
among two Indian women who are newly diagnosed with
breast cancer has lost her life due to the cause.

Architectural distortionis a major symptom of breast
cancer. It is the considered as the most commonly missed
abnormality during screening [3]. Around 12-45% of the
cases of breast cancers missed in screening are found to
have had Architectural distortion in the mammograms [3].
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48-60% of Architectural distortion cases biopsied are
found to be cancerous and 80% of them are invasive in
nature [4].

Architectural distortion is detected by identifying the
distorted architecture of breast structure [3]. Distortion of
architecture includes either radiating patterns with no
mass visible or distortion at the edge of parenchyma [5].
The presence of normal breast parenchyma, dense tissues,
and the subtle nature of abnormal structures obstruct the
visibility of malignant structures. Usually architectural
distortion is associated with other abnormalities such as
calcifications or mass [6]. Computer aided methods
(CAD) are very effective supporting tools for radiologists
to analyze mammograms [7]. CAD detection of
Architectural Distortion is a challenging research area
due to the difficulty in identifying the presence of
abnormal structure [8].

Most of the literature on detection of architectural
distortion concentrates on the breast tissue pattern of
mammograms [9]-[13]. Concentration index and
morphological image processing were applied by
Matsubara et al. [9] to obtain a sensitivity of 84%.
Sampat et al. [10] applied Radon transform and a linear
filter to yield a sensitivity of 80%. Etonsy et al. [11]
detected architectural distortion by identifying points
along concentric layers achieving a sensitivity of 93.1%.
Guo et al. [12] achieved a classification accuracy of
72.5 % for architectural distortion using Hausdorff
distance and Support Vector Machine. Rangayyan et al.
[13] proposed a method for measuring the divergence of
oriented patterns from normal patterns attaining 80%
sensitivity. S. Banik succeeded in detecting the probable
architectural distortion sites using a bank of Gabor filters,
linear phase portrait modeling and different types of
entropies [14].

The method proposed here narrows down the Region
of Interests (ROIs) in the mammogram image using a
modified version of SUSAN filtering [15]. Geometrical
properties of extracted edge features from these ROIs are
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employed for detecting origin of architectural distortion.
The centroids of such identified regions with more
numberof linear converging tissue structures indicate the
origin of promising location for Architectural distortion.
The proposed method also reduces false positivesby
removing the pectoral muscle (PM) region.

Il. PROPOSED METHOD

The two major properties of patterns in the abnormal
regions utilized by the proposed method for Architectural
distortion are listed below.

e Abnormal patterns are linear in nature [16].

e Distorted patterns concentrate towards the
distorted area whereas normal patterns concentrate
towards the nipple [6].

A preprocessing operation is performed to extract the
region of interest by removing unwanted artifacts such as
noise, labels and wedges as well as PM region. The
potential sites of architectural distortion are identified
using contours of the resultant image obtained after
filtering with a modified Single Univalue Segment
Assimilating Nucleus (SUSAN) filter. Edge features of
these regions are further geometrically analyzed to
remove normal tissue patterns.

Figure 1. Mammaographic region of interest extraction. (a) Original
image. Blue circle shows the region of Architectural distortion, Image
after removing (b) unwanted artifacts such as labels, noise (c) pectoral

muscle region.

A metric is used to identify the prominent site of
architectural distortion. The steps for the proposed
technique are explained below.

A. Extraction of the Mammographic Region

The mammographic region which the radiologist
analyses for breast cancer is extracted by removing noise,
wedges, labels, pectoral muscle etc. A large area
component after thresholding and Weiner filtering [17]
can be utilized for PM removal. The threshold employed
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here, TH depends on the minimum and maximum
intensity value of mammographic image is defined as

TH = (1 + I )¥0.05 1)

where 1, and |, are the minimum and maximum

intensity value of image, | respectively. The PM region is
obtained using geometrical properties of edge structures
on a multi scale decomposed image [18].

Fig. 1 shows the result of mammographic region
extraction on a mammographic image collected from
Lakeshore Hospital.

B. Isotropic Filtering and Contour Extraction

Architectural distortion, the most commonly missed
abnormality usually appears as radiating patterns
distributed in different directions originating from a
central region with no definite central mass [14]. The
radiating patterns differ from the normal patterns in the
region of convergence. The normal patterns are directed
towards the nipple where as the abnormal patterns
concentrate towards the origin of distortion [14]. The
origin of distortion appears as a central homogeneous
region [11]. Structural regions of mammographic image
are categorized into various homogeneous regions based
on the principle of intensity similarity. SUSAN filtering
[16], a local segmentation technique, is useful in finding
such homogeneous regions that are potential candidates
of Architectural Distortion features. Here, a local area of
similar intensity for each pixel is identified by moving a
circular mask over the whole image. The isotropic nature
of the circular mask provides response in all directions.
The pixel considered for processing is called the nucleus
and the local circular area of image inside circular mask
is called Univalue Segment Assimilating Nucleus
(USAN). The response of the filter for each block is
obtained by comparing an exponential function of
intensity dissimilarity with a threshold value. The
response of the filter for a local circular region is given as

_[(l(b—l@)]
c(rir)y=e" ' %

@

where | is the image and I and E; are the nucleus and a
pixel in the USAN area respectively. t is a user - defined
brightness difference threshold taken as 2(lmax +lmin) N
this work, where I and I, are the maximum and
minimum values of I. The accumulated sum of . iy over

ras n(r,) is compared with a global threshold g =3n./4,

where Ny is the maximum value of n, to decide whether
the pixel should be included in the local region or not.
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Figure 2. SUSAN and modified SUSAN filter
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In the proposed method, SUSAN filter is modified to
identify the central homogeneous regions along with
surrounding radiating patterns. Fig. 2 shows the SUSAN
filter and the modified SUSAN filter. The modified
SUSAN filter reduces the search area in the
mammographic image compared to SUSAN filter. It is
also able to search for radiating structures emanating
from a central homogeneous region, without missing any
of such central regions.

Contours of the reduced regions are identified. Fig. 3(c)

and 3(d) indicate the contour plots obtained from the
SUSAN filter output as shown in Fig. 3(a) and the
modified SUSAN filter output in Fig. 3(b). On
comparison, it is seen that the identified contours are far
less in number for that of the modified SUSAN filter.
This is true for all the images on which the algorithm has
been tried on. The regions identified using the modified
SUSAN filter does not miss out on the Architectural
Distortion features, as verified by the radiologist.

Centroids [19] of these contours represent the origin of
the potential site of architectural distortion. Centroids and
areas of closed polygons corresponding to each contour
are calculated using the contour coordinates as per
equations (3) — (5).

© (d) ®
Figure 3.  Mammographic image after (a)SUSAN filtering (b) modified
SUSAN filtering, contour extraction using (C)SUSAN filtering and (d)
modified SUSAN filtering technique.Blue circle shows the boundary of
ground truth information

()

Figure 4. (a)Mammographic regions around detected centroids, (b)
Edge features, (c) thinned edge features
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The central originating point of architectural
distortionis found to be close to one of these centroids.
1 N-1
C. :a;(xi +Xi+1)(Xin‘mei) (3)
1 N-1
Cy:ag(y|+ yi+1)(xly|+17Xi+1y|) (4)
1 N-1
A= 2(X Y. XY )

here x; and y;are the coordinates of the contour with i
ranging from 0 to N-1, N being the number of vertices in
the contour. C, and Cyare the coordinates of contour
centroid and A is the contour area. Fig. 3(e) shows the
centroids as blue spots on contours of modified SUSAN
filtered mammographic image.

The further steps of the algorithm work on the
centroids identified at this stage.

C. Region of Interest Extraction

A mammographic region of size 200>200 around each
centroid is chosen for further processing. Fig. 4(a) shows
the selected mammographic regions around centroids
overlapped on modified SUSAN filtered image.

D. Edge Feature Extraction

Mammographic image consisting of various structures
can be identified using an energy based edge feature
extraction technique which in turn is based on an energy
model. According to this model, features can be extracted
from points where the frequency components are
maximally in phase [20]. The one dimensional phase
congruency is computed as

XA (x)eos(9, ()~ p(x)

E)
PC(x) = =0
2AM XA ©)

n

where A, (x) is the length, ¢,(x) is the phase angle of
each of n individual vectors of Fourier components at
location x, E(x) is the length(energy) and ¢(X) is the
phase angle of the summed vectors. A group of log-
Gabor Wavelets at N different scales and M orientations
are used to extend the equation (6) in two dimensions to
compute phase congruency. The advantage of Log Gabor
transform for radial filtering is that it is Gaussian on a
logarithmic scale and hence has better high frequency
characteristics than the conventional Gabor transform
[20]. Such edge features obtained from the reduced
suspicious regions are thinned, based on the principle of
gradient magnitude maximization [21]. Fig. 4(b)
represents edge features of mammographic images using
the principle of phase congruency. Strong edge features
obtained using thinning method is shown in Fig. 4(c).

E. Implementation of Geometrical Properties

In a mammogram, architectural distortion usually
appears as radiating patterns originating from a central
region whereas the normal tissue structures directed
towards the nipple point. Fig. 5 shows the normal and
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abnormal patterns of tissue structure obtained from a
mammogram after filtering operation. The normal tissue
patterns of ducts, blood vessels, ligaments etc in the
affected region may affect the identification of abnormal
tissues associated with architectural distortion. The linear
and converging properties of abnormal patterns are
employed for removing the normal patterns in the
selected regions after contour extraction.

Figure 5. Tissue structure pattern (a) normal region (b) abnormal
region.

(@) (b) (©)

Figure 6. (a) Tissue structures after thinning (b) structures satisfying
linearity property(c) structures satisfying converging property in one of
selected abnormal region.

@) (b) ©
Figure 7. (a) Tissue structures after thinning (b) structures satisfying

linearity property (c) structures satisfying converging property in one of
selected normal region.

The linear radiating tissue structures in the processed
mammographic image are identified by applying the
eccentricity property [18]. In order to find the tissue
structures converging towards the origin of distorted
region, only linear tissue structures passing near to the
centroid of selected region are considered. Each linear
structure is extended to the boundary of selected region
for finding its proximity towards the centroid. A linear
structure satisfying a threshold criterion is retained and
the others are rejected. The results of thinned breast tissue
structuresafter applying the geometrical properties for a
normal and abnormal breast region are shown in Fig. 6
and Fig. 7 respectively. The total number of linear
converging structures as well as a normalized value is the
major factors for selecting a region as abnormal. The
normalized value in a selected region is obtained as the
ratio between number of linear converging lines and
number of linear lines in that region. On analysis, it is
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seen that a region with a minimum 35 number of linear
converging lines and the ratio as 25 or above can be
considered as malignant region The proposed algorithm
was simulated on 100 mammographic images from
Lakeshore Hospital and the results obtained were verified
with clinical findings of the radiologists.

Figure 8. Ranking values based on total number of linear lines
satisfying converging property along with its ratio with linear line. Blue
circle shows ground truth of information provided by radiologist.

Fig. 8 shows the result of ranking values in one of the
mammographic image collected from Lakeshore Hospital.
The ground truth is shown using blue circular plot and the
centroids obtained by the proposed method are shown as
red spots.

I1l.  CONCLUSION

The proposed method is a promising technique for
detecting the most commonly missed abnormality,
Architectural distortion. The results obtained for this
method, utilizing the linearity and converging property of
abnormal patterns towards the distorted area is
encouraging. The proposed method successfully
identified 94 images out into 100 as normal and abnormal
classes and was verified with expert radiologists in
Lakeshore Hospital, Kochi, India. A classification
method with more features can be utilized as a future
work for analyzing the probable regions of Architectural
Distortion to increase the accuracy of the proposed
method.
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