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Computer-Aided Mass Detection on Digitized Mammograms using a
Novel Hybrid Segmentation System
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Abstract— A Novel hybrid segmentation method has been
developed for detection of masses in digitized mammograms using
three parallel approaches: adaptive thresholding method, Gabor
filtering and fuzzy entropy feature as a computer-aided
detection(CAD) scheme. The algorithm consists of the following
steps: a) Preprocessing of the digitized mammograms including
identification of region of interest (ROI) as candidate for massive
lesion through breast region extraction, b) Image enhancement
using linear transformation and subtracting enhanced from the
original image, c) Characterization of the ROI by extracting the v
fuzzy entropy feature, d) Local adaptive thresholding for . .
segmentation of mass areas, e) Filtering the input images using [ Computerized Detection } E}
Gabor functions, f) Combine expert of the last three parallel
approaches for mass detection. The proposed method was tested on
78 mammograms (30 normal & 48 cancerous) from the BIRADS
and local databases. The detected regions validated by comparing
them with the radiologists’ hand-sketched boundaries of real
masses. The current algorithm can achieve a sensitivity of 90.73%
and specificity of 89.17%. f"\

This approach showed that the behavior of local adaptive #\ W
thresholding, Gabor filters and fuzzy entropy technique could be
useful for mass detection on digitized mammograms. Our results
suggest that the proposed method could help radiologists as a [ Decision Making by J
second reader in mammographic screening of masses.
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Fig.1. Computer-Aided Decision Making by Radiology

1. INTRODUCTION

Breast cancer is one of the leading causes of early
mortality in women [1]. Retrospective studies have
shown that in current breast cancer screening between 10%
and 25% of the tumors are missed by radiologists [2]. A
computer-aided detection (CAD) system that prompts
suspicious regions can draw the attention of the radiologist to
a tumor he might otherwise have overlooked [3]. The use of
CAD methods as a “second opinion” or as a “pre-reader”
strategy has been proposed, and when combined with film
reading, improves overall performance for detection and
classification of breast cancer and may reduce the observer
variation, Fig. 1. Masses are in three different sizes: small
size (3—15 mm), middle size (15-30 mm) and large size (30—
50 mm) [4]. The third type is rare in mammograms. The  Fig.2. Examples of mammograms: (a) arrows indicate mass area; (b)
detection algorithms must therefore be as robust as possible microcalcifications area

against these variationsFig. 2.
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II. MATERIALS AND METHODS

This section presents the detection procedure used in this
work. It is schematically summarized in Fig(3) and the detail
of each step in this scheme is explained in the following
sections.

Digitized Mammogram

\\V
Breast Region Extraction
(Preprocessing step) as BI
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Fuzzy Entropy Gabor Filter Local Adaptive
Approach Approach Thresholding
Approach
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= Combining experts
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Fig.3. Algorithm for detection of Masses in digitized mammograms

A. Input Data

The data used was obtained from two different databases.
A local database (consists of 20 cases: 8 massive and 12
normal) and BIRADS dataset (consists of 58 cases: 40
massive and 18 normal). The original mammogram images
from local database were scanned with MicroTek scanner
with 42 micrometer spatial resolution and 12 bits per pixel
radiometric resolution. Prior to our analysis, each
mammogram was resized and down-sampled to 1800 x1440
pixels and down-quantized to 8 bits per pixel. Another
database (from BIRADS) had images with 8-bits pixel depth
at the size of 1024 x1024 pixels [5]. This dataset not
required any pre-processing for analysis.

B. Pre-Processing of Local Database Images

The purpose of pre-processing step is to resize the image,
remove noise and radiopaque artifact contained within the
mammogram and increase region homogeneity, with the
objective being to improve in algorithm reliability and
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robustness.

In mammography screening images, the breast tissue is the
interested region for radiologists. As seen in this type of
images, more than one third of a mammogram consists of a
dark background without any diagnostic information.
Considering the computation and system efficiency,
extracting the breast tissue as region of interest is the first
step of computer automation. So, as the first module, a
method to extract this region was developed as follows:

1. The intensity of mammogram was increased by means
of multiply the intensity of each pixel by a constant value of
k. The proper of k, that analyzed visually, was equal to 2.5

2. Afterwards, by finding a suitable threshold value using
Otsu method, each image separated into two sections:
foreground and background [6]. Then, 256 gray-level input
images are converted into binary images.

3. Since binarized image consists of many holes, in this
step all the holes of the image were filled by means of flood-
fill operation with 8-connectivity. After filling, all the objects
in obtained image were labeled.

4. The area of each object was calculated by counting of
all the pixels in any labeled object.

5. Since the biggest object was related to breast tissue, so,
by removing all the objects except the biggest one, the breast
region could be achieved in binary format. Now, by
convolving this image with the original one, we will obtain a
breast region image.

Further algorithms work only on this extracted breast image.

C. The approaches to detect masses

Now, all the input data are prepare for analysis. The
proposed algorithm consists of two parallel approaches:
Local adaptive thresholding method that performs only in
spatial domain and Fuzzy entropy approach in the basis of
bright object with diffused boundaries, Fig.4.

C.1. First approach: Local adaptive thresholding method

This section presents the detection procedure used in this
step. It is schematically summarized in fig.1 and the detail of
each step in this scheme is explained in the following
section.

C.1.1. Linear transformation filter enhancement

In order to enhance the image, a mass-pattern dependent
enhancement approach was designed based on linear
transformation of pixel values. This transform enhances the
lower gray-level (dark areas) and the inverse of it, enhance
the higher gray levels (bright areas). This enhancement step
is with all images independently of their initial contrast and
background variations. When performed on the original
image, linear transformation enhancement filtering was
found to useful in visualizing the lesion and increasing the
sensitivity of subsequent processing.

C.1.2. Binarization by adaptive local thresholding
Since masses are generally radiographically denser than
surrounding tissue, the locally bright spot is binarized using
an adaptive thresholding method. the subtracted enhanced
image from the original one, a decision is made to classify it
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into a potential mass pixel or a normal pixel by the proposed
rules. Two windows (large and small in Fig.5) around each
pixel is used for choosing empirically the parameters of
adaptive thresholding, an example output shown in Fig. 6.

Preprocessi
ng. extract
the Breast x
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image (Segmented
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A4

Symetric adding of
Zero Fig.6. image enhancement output

C.2. Second approach: Fuzzy entropy method
This proposed scheme consists of fuzzy entropy
minimizing and mass extraction. Fig.l1 shows the block
diagram of the method. In order to segment images with
. diffused and not well-defined areas, the theory of fuzzy sets
Masses Noise Adaptve is used to select a threshold that partiti the i int
Thresholding partitions the image into
meaningful regions. The optimal threshold is selected to
minimize a given fuzziness measure of the image. In this
section, we used the fuzzy entropy defined in [10-14]. The
image is viewed as degraded version of an ideal bimodal
image which represents light objects on a dark background.
A fuzzy set X can be defined for the image in which each
image pixel is assigned a membership value is defined by
using the relationship between the gray level of the pixel and
Large Window the average value of its belonging region. By minimizing the
\ fuzzy entropy of the fuzzy set X, the optimal threshold value
t, is selected. This optimal threshold value is used to
threshold input mammogram image. This step produces a
binary image representing the candidate suspicious masses.
Smﬂll WiﬂdOW Analysis of the mammogram images revealed that small
isolated regions are usually irrelevant. Hence, in this scheme
such region eliminated from the final segmentation results.
This can be achieved by grouping pixels in the segmented
image into connected objects. This step produces an object
table containing information about the image objects. This
information includes a pixel to represent each object and the
number of pixels in each object. Finally, the object table is
used to eliminate objects with size smaller than a certain
threshold value.
C.3.Third approach: Gabor filtering
This approach employs the class of analytical functions
kernel as Gabor elementary functions. It is schematically
summarized in Fig.7 and the detail of each step in this
scheme is explained in the following section.

Lesions Suppression

Fig 4. Eenhancement algorithm scheme

Fig5. Windows for adaptive thresholding
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C.3.1. Gabor Functions and Filter Design
A 2D Gabor function g(x,y) and its fourier transform
G(u,v) can be written as [11]

1| x y .
glx,y)= 275 5, eXP|:_2[§X2+§3]+2747Wx:|
1 (u - v)2 v?
G (u.v) = exp { 2[ 5t
Where
5, = 1 ’ . 1
276 |, 276

Gabor functions form a complete but non-orthogonal basis
set. Expanding a signal using this basis provide s a localized
frequency description. A class of self-similar functions
referred to as Gabor wavelet, is now considered. Let g(x,y)
be the mother Gabor wavelet, then this self-similar filter
dictionary can be obtained by appropriate dilations and
rotations of g(x,y) through the generating function:

gmn(x’y):aim'G(x,,y,) a>1 m,n = int
x'=a™ (xCosH + ySin 9)
y'=a"(~xSin@+ yCos®)
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And £ is the total number of orientations. The scale factor
a™ is meant to ensure that the energy is independent of m.

The non-orthogonality of the Gabor wavelets implies that
there is redundant information in the filtered images, and the
following strategy is used to reduce this redundancy. Let Us
and Un denote the lower and upper center frequencies of
interest. Let K be the number of orientations and S be the
number of scales in decomposition. Then the design strategy
is to ensure that the half-peak magnitude support of the filter
responses in the frequency spectrum touch each other as
shown in Fig.8.
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Fig.8. The contours indicate the half-peak magnitude of filter
responses in Gabor filter dictionary. The filter parameters are
Un=0.4, U=0.05, M=4, N=6.

This results in the following formulas for coputing the filter
parameters§ , o, -
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intensity values the real components of 2D Gabor filters are
biased by adding a constant to make them zero mean.

In order to extract textural features of an image, the
mammograms convolved with a 2D version of Gabor filters.
Such filters are linear and local and their convolution kernel
is the product of a Gaussian with a plane-wave function. A
2D Gabor filter acts as a local band-pass filter with optimal
joint localization properties in the spatial and in the spatial-
frequency domain. The Gabor filter decomposes its input
image into several sub-images. As mentioned before, the
number of orientations and scales defines the number of
filters that should affect on input images by multiplying them
with each other.

III. IMPLEMENTATION AND RESULTS

In this work, the proposed algorithm was tested by using
about 78 mammogram image as mentioned in section A. The
algorithm implemented in MATLAB 7.0 software packages.

As mentioned before, the smallest and biggest masses are
3-mm and 50-mm respectively. A 3-mm object in
preprocessed mammogram occupies about 8-9 pixels and a
50-mm object occupies about 150 pixels. An object with a
size of 8-9 pixels is detectable by many computer algorithms.
Therefore, the shrinking step is applicable for mass cases and
saves computation time. In fig.2 the small and large windows
are related to the smallest and largest masses. So, the
dimensions of small and large windows are 9%9 and
150x150 pixels respectively.

(@

(b)

© (d)

Fig.9. Breast region extraction results: a- Original mammogram,
b- Binary image, c- Extracted breast tissue, d- Breast region

Fig.9 (b) shows the segmented region obtained after
thresholding in the input image by the optimal threshold
value which corresponds to the minimum fuzzy entropy. In
the proposed scheme, the object with sizes smaller than 9
pixels removed. The remaining segmented regions represent
the suspicious masses in the image.
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Fig.10. An output of mass detection using the proposed approach.
a. Original Image b. Equalized Image c. Fuzzy Output
d. Gabor Filter output. e. Adaptive Thresholding Output e. Final Output

®

For designing the Gabor filter bank, 4 orientations and 3
scales were selected to apply the mammographic images. For
orientation, Gabor filters considered at an angle 45 degree
apart from each other. A separation among orientations
smaller than 30 degrees produces more noise and worse
results. As for spatial resolution, for each assigned
orientation, the standard deviation assumes the values 1,2,4.
these values were selected on the basis of the size of the
structures of interests in mammograms. So, 3 scales and 4
orientations were used for implementations. Then 12 sub-
images obtained from Gabor filter bank. Each sub-image
consists of special textural information. Visually, we
assigned some weights for each sub-image before convolved
them with each other to improve the convolved results.
These weights were selected by experiments. After that,
using automatic thresholding approach, the combined images
inverted to binary image for other uses. The statistical
analysis over 78 images revealed that the proposed scheme
achieves an average sensitivity of 90.73% and average
specificity of 89.17%.

IV. CONCLUSION

We have investigated the behavior of local adaptive
thresholding and fuzzy entropy technique to detect masses on
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digitized mammograms. Once the optimal parameters
selected empirically, the processing technique applied to a
database of digitized mammograms. Our results suggest that
the proposed method could help radiologists as a second
reader in mammographic screening of masses.
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