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A NOVEL IMAGE SEGMENTATION TECHNIQUE FOR
DETECTION OF BREAST CANCER

L.S.S.Reddy?, Ramaswamy Reddy?, CH.Madhu® & C. Nagaraju*

Breast cancer is currently one of the leading causes of death among women worldwide. This paper presents an approach for
detecting in digital mammograms not only the detection and early stage of tumors can also detectable. In difficulty of image
segmentation found misclassified pixels leads to ambiguity at correct detection of boundary. The effective classification is
possible by NN Classifier. And provide effective Boundary error removing by an N-ary morphological operator. The overall
effect of proposed operator resembles N-ary morphological erosion followed by N-ary morphological dilation i.e. we found
exact spreading of Cancer Tumor and remove the boundary errors around it.
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1. INTRODUCTION

In detections of cancer tumors have verity of segmentation
problems, Filters are used to removing noise and generate
effective features for segmenting an image into different
classes of interest. These filter outputs are then processed
by a classifier to form a segmented image. After forming
the segmented image, narrow regions near the boundary
between two different classes are occasionally misclassified
as a third class. This third “false class” typically appears as
narrow areas of misclassified pixels at the boundary. These
narrow misclassified regions can occur when the trajectory
of the feature vector makes a transition through feature space
at the boundary. As the feature vector changes, it can pass
through intermediate feature-space regions assigned to a
third class unrelated to the two original classes forming the
boundary. Such misclassified regions incidentally appear to
be present in the results of prior investigators including
NIJMN fig[5] to fig[7]. An Neural network classifier and a
two-step hybrid “N-ary” post processing operation is
proposed to remove these narrow misclassified regions. In
the first step, pixels in regions whose neighborhood consists
entirely of one texture class are left unchanged; otherwise,
the pixel value is set to zero to indicate it is no longer
assigned to any class. The neighborhood size is chosen to
be proportional to spatial extent of filter channel response.
This first step resembles a morphological erosion operation.
In the second step, the classified regions are propagated back
into the unassigned regions based on the most common class
within 8- neighborhoods. This second step resembles a
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morphological dilation operation. The combined effect of
these two steps is effective in removing the narrow
misclassified strips at boundaries between regions.

2. ExisTiINg METHODS

To detect the boundary of cancer tumors in a digital
mammaograms the edge based segmentation techniques are
first and second order provides an effective segmentation
to detect the boundary profiles. Edge detecting an image
significantly reduces the amount of data and filters out
useless information, while preserving the important
structural properties in an image. Edge detectors are a
collection of very important local image pre-processing
methods.

Sobel Operator: The Sobel operator performs a 2-D
spatial gradient measurement on an image. Typically it is
used to find the approximate absolute gradient magnitude
at each point in an input grayscale image. The Sobel edge
detector uses a pair of 3x3 convolution masks, one
estimating the gradient in the x-direction (columns) and y-
direction (rows). A convolution mask is usually much
smaller than the actual image. As a result, the mask is slid
over the image, manipulating a square of pixels at a time.
The actual Sobel masks are shown below
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Prewitt Operator: The Prewitt edge detector is a also
much better operator. This operator having a 3x3 masks
deals better with the effect of noise. The Prewitt edge
detection masks, shown below, are one of the oldest and
best understood methods of detecting edges in images.
Basically, there are two masks, one for detecting image
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derivatives in X and one for detecting image derivatives in
Y. This Prewitt operator is obtained by setting ¢ = 1.
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-1 0 1 -1 -1 -1

Robert Operator: The Robinson edge detector is similar
to the Sobel edge detector. The Robinsons row, column and
corner masks are shown below

G, = 0 -1 Gn = -1 0

1 0 0 1

It is symmetrical by the axis. The maximum value is
found in the edge magnitude and the edge direction is
defined by the maximum value found by the edge
magnitude.

Limitationsfor Existing Methods: Edge-based methods
center around contour detection: their weakness in
connecting together broken contour lines make them, too,
prone to failure in the presence of blurring. The main
disadvantage of these edge detectors is their dependence
on the size of objects and sensitivity to noise. Further, since
conventional boundary finding relies on changes in the grey
level, rather than their actual values, it is less sensitive to
changes in the grey scale distributions over images as against
region based segmentation.

3. Prorposep METHOD
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Fig.5: Block Diagram Representation of Proposed Method
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The digitized mammogram is filtered by Gaussian Low
pass filter. At this stage the noise is removed, and it is
introduced due to image acquire and image transmission.
Then the filtered images classify the image by using neural
network. The classification of the detected NN micro-
calcification into benign (non-cancerous lesion) and
malignant (cancerous lesions) is performed using a radial
basis function network that has a single hidden layer
structure. The output of the radial basis function network is
0 for benign and 1 for malignant. After the classification,
we get the segmented image. Now to eliminating the narrow
misclassified regions proceeds in two steps, beginning with
a previously classified image c(x,y), where c(x,y) {1, 2,
3,..., N} and N is the number of classes. In the first step,
boundary regions are reset to an unclassified state. In the
second step, classes are propagated back into the unclassified
regions. Details are given below. In the first step, pixels in
the classified image c(x, y) whose neighborhood consists
entirely of one class are left unchanged; otherwise, the pixel
value is set to zero to indicate that the pixel is no longer
assigned to any class. The declassification of these pixels
creates a new image

e(x, y). if c(x, y) =c(a, b)0(a,b) UB
O .
0 0, otherwise

Where B is a local neighborhood typically it is chosen
in some proportion to the spatial extent of the filter channel
impulse responses. In the second step, classified regions are
propagated back iteratively into the unassigned regions.
Each unassigned pixel is assigned to the most prevalent class
within the 8-neighborhood surrounding the pixel.

g% y) =

i s, n(x, y), (xy)#0
i, xy)=0 0 f all N8 neighbors =0
Hmax, otherwise

Where Imax is the nonzero pixel value that occurs the
greatest number of times in the 8-neighborhood, iSn(xy)
is the image at iteration n. In the event of a tie in determining
Imax, the pixel is arbitrarily assigned to one of the prevalent
classes (other schemes are possible). Step 2 is repeated until
all pixels are non-zero, giving the final segmented image
iS(x; y). This propagation affects only unassigned pixels and
ceases when all unassigned pixels have been assigned to
one of the N classes.

4. REesuLTs

The proposed method has also been tested on a wide range
of natural and synthetic 512 x 512 pixel 8-bit grayscale
images. In these images, the average gray scale was
equalized to prevent biased segmentation results due to
leakage of the DC component through the filters [4]-[6].
The results in Fig. 5 illustrate the effects of the proposed
method on misclassifications at texture boundaries. The
image in Fig. 5(a) consists of an outermost region of
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Gaussian-distributed low pass noise, a middle ring of
“French canvas”, and an innermost square region of “straw
matting” from the NIJMAN database Fig. 5(b) is the
classifier output c(x, y) without the proposed method. A
prominent band of misclassified pixels is seen along the
entire boundary between the outermost texture (noise) and
the middle ring of texture (French canvas). Applying the
proposed operator to Fig. 5(b) results in the final segmented
image iS(x, y) in Fig. 5(c). Comparing Fig. 5(b) and (c), the
pixels misclassified as a third texture at the texture boundary
are removed by the proposed methods.

Results of Existing Methods

Fig. 3: Image after Canny Operation

Fig. 1: 512x 512 Original Mammogram

Fig. 4: Image after Robert Operation

Results of Proposed Method

Fig.5: Output of Gaussian Low Pass Filter with
Fig.2: Image after Sobel Operation Variance =2.5
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Fig.6: Image after NN Classifier

Fig.7: Image after N-ary Morphological Operator

5. ConcLusioN & FUTURE WORK

The proposed method removes the boundary errors
successfully using combination of NN classifier and N-ary
morphological operator. But, if the number of classes in the
image is increases then difficult in designing the classifier
and instead of Gaussian LPF, we can use Gabor filter for
better noise removal and classification.
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