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Abstract: Breast Cancer is one of the leading causes of death, and its early detection increases the survival rate and
treatment options available to patients. Computer-Aided-Detection (CAD) systems have been developed to assist radiologists
with the task of locating cancer in mammograms. Unfortunately, these CAD systems have demonstrated less than 50% efficiency in detecting Architectural Distortions (AD), which is a sign of breast cancer. This paper presents a method of detecting
AD with better sensitivity results. Forty mammograms containing AD were obtained from the Digital Database for Screening
Mammography (DDSM). Each mammogram was preprocessed using breast segmentation techniques to extract the breast
region from the mammogram. The mammograms were enhanced using contrast-limited adaptive histogram equalization
(CLAHE). Next, the enhanced mammograms were filtered with a bank of 180 Gabor filters to extract the texture orientation
from the images. Based on the fact that ADs contain spicules radiating in all direction, AD templates were designed in
MATLAB. These templates were cross-correlated with the Gabor filtered mammograms to obtain ROIs that were most likely
to contain ADs. The developed algorithm is intended to assist the radiologist by flagging regions likely to contain AD,
prompting the radiologist to take a closer look at those regions. The current algorithm developed in MATLAB automatically
flags seven suspicious blocks of 25 by 25 pixels per image, and demonstrated a sensitivity of 87.5% with a False Positive per
Image (FPI) of 5.2. Future work will focus on the reduction of FPI.
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1. Introduction
Breast cancer is one of the leading causes of death. The
American Cancer Society estimates that there were 234,580
new cases of breast cancer (232,340 female, 2,240 male) and
that 40,030 people (39,620 female, 410 male) died from
breast cancer in 2013 [1]. In the United Kingdom, it is estimated that there were 49,961 new cases (49,564 female,
397 male) of breast cancer, and 11, 633 deaths (11,556 female, 77 male) related to breast cancer in 2010 [2]. In some
countries, the statistics for breast cancer is unreliable. The
cause of breast cancer is unknown, but early detection increases survival rate and treatment options for patients.
The current standard for early detection of breast cancer is
screening mammography, which is X-ray imaging of the
breast. Typically, radiologists search each image for masses,
calcifications and architectural distortions (AD). Architectural distortions are abnormal breast lesions in which the

breast parenchyma is distorted with no visible mass. The
distortion includes spiculations radiating from a point, and
focal retraction or distortion of the edge of the parenchyma
[3].
It is estimated that radiologists fail to detect about 10-30%
of breast cancers [4-6]. Computer-Aided Detection (CAD)
systems have been developed to enable radiologists detect
lesions that may be indicative of cancer. These systems serve
as support to the radiologist and are not used by themselves
as a breast cancer detection tool. CAD systems generally
operate by first allowing the radiologist to trace out suspicious areas in the mammogram before the system employs
an automated detection algorithm to identify possible cancerous regions. The radiologist then analyzes the regions
highlighted by the algorithm to ensure that any cancer
present in the image is detected.
Current commercial CAD systems accurately identified
90% cases of masses and microcalcifications [7, 8], but the
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sensitivity for AD is low. The R2 Imag e Checker system
successfully identified 49% cases containing ADs with 0.7
false positives per image (FPI). The CADx Second Look
system [8, 9] successfully detected 33% cases of ADs with
1.27 FPI [7, 9-10]. The efficiency of the current CAD systems in detecting AD is significantly low and emphasizes
the need for robust and effective algorithms to improve the
sensitivity of the CAD systems. The goal of this work is to
develop an algorithm that can assist radiologists in detecting
ADs, and also demonstrate better sensitivity than the algorithms employed in the current commercial CAD systems.
Several studies have been conducted on the detection of
AD [11]. Guo et al. [12] characterized AD using the
Hausdorﬀ fractal dimension, and a support vector machine
classiﬁer to distinguish between ROIs exhibiting AD and
those with normal mammographic patterns. Tourassi et al.
[13] studied the use of fractal dimension to diﬀerentiate
between normal and architectural distortion patterns in
mammographic ROIs. Matsubara et al. [14-16] used mathematical morphology to detect AD around the skin line
and a concentration index to detect AD within the mammary
gland.
Eltonsy et al. [17] developed a method to detect masses
and AD by locating points surrounded by concentric layers
of image activity. The sensitivity was found to be 91.3%
with 9.1 FPI. Zwiggelear et al. [18] proposed a scheme
for the detection of spiculated mass lesions. The abnormal
pattern of linear structures and central mass are extracted
individually and detection results are combined using principal component analysis (PCA)-based methods. Rangayyan et al. [19] proposed a method based on Gabor filters
and phase portrait analysis to detect initial candidates for
sites of AD. Rangayyan and Ayres [20] applied Gabor filters to characterize oriented texture patterns and detect AD.
The methods were tested with one set of 19 cases of architectural distortion and 41 normal mammograms, and
another set of 37 cases of architectural distortion. FROC
analysis shows the sensitivity of 0.79 at 8.4 FPI. Sampat
and Whitman [21] employed filtering in the Radon transform domain to enhance mammograms, and used radial
spiculation filters to detect spiculated lesions. The algorithm was tested on 45 cases exhibiting spiculated masses
and on 45 cases with the presence of architectural distortion.
A sensitivity of 80% was obtained with 14 FPI in the detection of architectural distortion, and 91% with 12 FPI in the
detection of spiculated masses. Zeng et.al. [22] proposed
using Gabor filters phase portrait analysis, and feature extraction and classification. Yoshikawa et. al. [23] used
adaptive Gabor filters and a concentration index and reported a sensitivity of 82.72%, and 1.39 FPI. Ejofodomi et.
al. [24] used a median filter and Gabor filters to extract
texture information from 19 images containing AD. AD
probability maps were generated using a maximum amplitude map and histogram analysis on the orientation map of
the Gabor filter response. AD maps were analyzed to select
ROIs as potential AD sites. The map analysis yielded a
sensitivity of 79% (15 out of 19 cases of AD were detected)

with 18 FPI.
Advances in the detection of AD in mammograms can
better assist the radiologist to improve performance in
mammography screening. There is still need for marked
improvement in the detection of AD. The algorithm proposed in this paper automatically detects AD by means of
Gabor filters and template matching using custom-designed
AD templates. The methodology employed is discussed in
detail in the subsequent sections, as well as the results obtained using this algorithm.

2. Materials and Methods
2.1. Materials
All images used in this study were obtained from the
Digital Database for Screening Mammography (DDSM). A
total of 40 images, each containing architectural distortion
as identified by a radiologist, were obtained from this publicly available database. The selected images contained
both MLO and CC views, had been digitized by different
scanners and represented a range of density ratings, subtlety ratings and pathology. The AD algorithm was developed
and implemented using MATLAB (The MathworksTM, Natick, MA, USA).
2.2. Methods
A schematic block diagram of the methodology employed is shown in Figure 1. Each step is discussed in detail
subsequently.

Figure 1. Flow Chart for AD Detection.

2.2.1. Image Preprocessing
Each mammogram was resized and the breast region in
the image was extracted and isolated for further processing.
This step eliminated the bright label pixels which causes a
high false positive detection rate in CAD algorithms [19].
Image Enhancement was performed using contrast-limited
adaptive histogram equalization (CLAHE). In CLAHE, the
image is divided into small blocks called tiles, and histogram equalization is performed on each block. If any histo-
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gram bin is above the specified contrast limit, those pixels
are clipped and distributed uniformly to other bins before
histogram equalization is applied. After equalization, the
neighboring tiles are then combined using bilinear interpolation to eliminate artificially induced boundaries. A sample
of a CLAHE-enhanced mammogram is shown in Figure 2b.
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on the prominent feature of architectural distortion being the
presence of spicules radiating in all directions [20]. The size
of each template was 25 by 25 pixels. Figure 3 shows the
seven AD templates used in this study.

Figure 3. MATLAB designed AD templates.
Figure 2. (a) Original mammogram with radiologist marking (b) breast
region segmented and CLAHE enhanced mammogram (c) Maximum output
map from Gabor filtration.

2.2.2. Gabor Filtering
There are many different techniques employed to extract
the texture orientation from an image. The method used in
this study is the Gabor Filters. The Gabor filter is a sinusoidally modulated Gaussian function. Mathematically, a 2D
Gabor function g, is the product of a 2D Gaussian and a
complex exponential function. The general expression is
given by:
(1)
where M = diag(,σ1-2,σ2 −2). The parameter θ represents the
orientation, λ is the wavelength, and σ1 and σ2 represent
scale at orthogonal directions. When the Gaussian part is
symmetric, we obtain the isotropic Gabor function:
(2)
A bank of Gabor filters was applied to the images. The
angle of orientation in the bank of filters was varied from θ
ϵ [0:π], the frequency of sinusoidal function was set to f =
0.088, and the variance S was set to 0.03. These parameters
were chosen experimentally. A total of 180 Gabor filters
were applied to the images. Two maps were created from the
output of the Gabor filtration: a maximum amplitude map
A(x, y) and a dominant orientation map O(x,y). The maximum amplitude for each point (x,y) in the responses to the
Gabor filters was extracted to form the amplitude map
A(x,y). The angle of orientation of the maximum amplitude
was considered to be the dominant angle and was used in
creating the orientation map O(x,y).
2.2.3. AD Template Generation
Seven (7) Architectural Distortion templates were designed in MATLAB. The design for each template was based

2.2.4. Template Matching using Cross Correlation
A cross correlation algorithm was used to extract regions
of interest (ROIs) from the Gabor filtered mammogram. For
each template, the cross correlation coefficient between the
template and a region of the mammogram was calculated,
the size of the region being equivalent to the size of the
template i.e. 25 by 25 pixels. In MATLAB, the correlation
coefficient was calculated using the following formula:
Co(i, j) = corr2(template, mammogram(i:i+24, j:j+24))

(3)

By varying the values of i and j, different 25 x 25 blocks
of pixels in the mammogram are selected for cross correlation computation with the template. The values of i and j are
varied until cross correlation is computed over the entire
image. This yields a two-dimensional array containing cross
correlation coefficients for each computation, known as the
cross correlation map, whose maximum value indicated the
location in the mammogram that likely contained AD (see
Figure 4). This procedure was repeated for each of the seven
templates, resulting in seven locations being flagged as AD
in a single mammogram.

Figure 4. Cross-Correlation of AD Template and Gabor Filtered Mammogram (a) Cross correlation coefficient between the template and a
region of the mammogram was calculated. Process was repeated for subsequent regions resulting in the cross correlation map shown in (b). The
location in the map with the highest coefficient identified AD ROI. Row
and Column location of AD ROI was obtained in (c).
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2.2.5. Identification of ROIs
The seven locations that are flagged as AD are then highlighted on the original mammogram, to prompt the radiologist to take a closer look at those regions.
Figure 5 shows the output of the algorithm for right MLO
and CC mammograms of a single patient. The ground truth,
as identified by the radiologist as the true location of the AD,
is also shown. A template is considered to have correctly
identified AD if its ROI contains pixels that have been
identified as being AD by the radiologist’s marking (ground
truth). If the template’s ROI does not contain any of the
pixels marked by the radiologist, it has failed to detect AD.
In Figure 4a, one template correctly identifies the location of
the AD, while the other 6 templates are false positives (FP).
In Figure 4b, five templates contain regions of the radiologist’s AD marking, while the remaining 2 templates are false
positives.

Figure 5. Output of the AD detection algorithm and radiologists’ ground
truth overlaid over original mammogram (a) RMLO view (b) RCC view.

3. Results and Discussion
Table 1 shows the number of true and false positives for
the 40 images. Images with 0 TP are those in which the
algorithm failed to detect AD. Such images have the maximum number of 7 FP. The overall sensitivity of the algorithm is 87.5% (the algorithm correctly identified AD in 35
of the 40 cases) with an average false positive per image
(FPI) of 5.2. FROC analysis of the algorithm is shown in
Figure 6.
The developed algorithm is intended to assist the radiologists by flagging regions likely to contain AD, prompting
the radiologist to take a closer look at those regions. The
current algorithm automatically flags seven suspicious
blocks of 25 by 25 pixels per image, and demonstrated a
sensitivity of 87.5% with a FPI of 5.2. The FPI can be reduced further by ranking ROIs in terms of certain features,
such as fractal dimension. The algorithm can then discard
ROIs which do not meet a specific threshold based on the
selected features under consideration. Future work will
focus on the reduction of FPI.

Table 1. True Positives (TP) and False Positives (FP) identified in Images.
Image No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

Number of True Positives
Number of False Postives (Fp)
(Tp)
1
6
2
5
1
6
2
5
3
4
0
7
1
6
2
5
1
6
1
6
3
4
1
6
1
6
1
6
0
7
3
4
1
6
1
6
2
5
2
5
1
6
5
2
0
7
4
3
1
6
3
4
3
4
2
5
3
4
0
7
3
4
0
7
2
5
2
5
3
4
5
2
1
6
1
6
2
5
2
5

Figure 6. FROC Analysis of AD Detection Algorithm.
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There were five images in which the algorithm failed to
detect AD. Four of those five images were MLO views. This
is likely because of the presence of the pectoral muscle in the
MLO view, which shows up as a bright white region. The
algorithm often flags regions in the pectoral muscle, particularly at the boundary, and this is a prominent cause of algorithm’s false positives and failure to identify AD. Identification and removal of the pectoral muscle in the preprocessing stage could lead to higher sensitivity and lower FPI.
Table 2 shows that the algorithm currently has a higher
sensitivity than commercial CAD systems.
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Table 1. Comparison of AD Algorithm to Commercial CAD systems.
AD Algorithm

Image Checker
R2

CADx Second
Look

87.5

38

21

40
5.2

45
0.7

45
1.27

Sensitivity
(%)
No. of Images
FPI

The size of the AD templates was selected experimentally.
More AD templates could be designed to improve the current sensitivity of the algorithm. However, this will result in
an increase in FPI rate, unless feature extraction and classification is incorporated into the algorithm.

4. Conclusion
Current CAD systems have demonstrated less than 50%
sensitivity in detecting architectural distortions in mammograms. There is need, therefore, to develop superior algorithms that can assist radiologists in detecting architectural
distortions. We have developed an algorithm to detect architectural distortions using MATLAB. The algorithm consists of a preprocessing stage to enhance the image and
extract the breast region, a filtering stage to enhance spicules
using Gabor filters, and an AD detection stage by comparing
the mammogram with custom designed templates using
cross correlation. The algorithm was tested on 40 images
obtained from the Digital Database for Screening Mammography, and demonstrated a sensitivity of 87.5% (35 out of
40) and a FPI of 5.2. Four of the 5 images were AD went
undetected were MLO views. The reason for the algorithm’s
failure to detect AD is likely because of the presence of the
bright white pectoral muscle in the MLO view, as the algorithm often flagged regions in the pectoral muscle, particularly at the boundary. Identification and removal of the
pectoral muscle in the preprocessing stage could lead to
higher sensitivity and lower FPI. Improvements to the current algorithm can also be made by focusing on the reduction
of FPI using feature extraction and classification.
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