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ABSTRACT

The main aim of our project is to increase the ability of ultrasonographic
technology for the differential diagnosis of solid breast tumors; we describe a
novel computer-aided diagnosis (CADx) system using neural networks for
classification of breast tumors. The basic classification of breast tumors called
benignancy and malignancy can be easily detected using the proposed algorithm.
Wavelet transformation is used for decomposition of the given ultrgsonographic
image into various sub bands for easy segmentation. Tumor regions and
surrounding tissues are segmented from the physician-located region-of-interest
(ROI) images by applying our proposed segmentation algorithm. Cooperating with
the segmentation algorithm, three feasible features, including variance contrast,
autocorrelation contrast and distribution distortion of wavelet coefficients, were

extracted from the ROI images for further classification.
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INTRODUCTION

A tumor or tumour is the name for a neoplasm or a solid lesion formed by an
abnormal growth of cells (termed neoplastic) which looks like a swelling.

Tumors are classified into three types

1. Benign(mild and non progressive disease)
2. Pre-malignant(condition that may lead to cancer)
3. Malignant(progressively worse and to potentially result in death)

Breast cancer also known as malignant breast neoplasm is cancer originating
from breast tissue, most commonly from the inner lining of milk ducts or the
lobules that supply the ducts with milk.

There are two main types of breast cancer:

« Ductal carcinoma starts in the tubes (ducts) that move milk from the breast
to the nipple. Most breast cancers are of this type.

« Lobular carcinoma starts in the parts of the breast, called lobules, that
produce milk.

» Inrare cases, breast cancer can start in other areas of the breast.

Breast cancer may be invasive or noninvasive. Invasive means it has spread
from the milk duct or lobule to other tissues in the breast. Noninvasive means it
has not yet invaded other breast tissue. Noninvasive breast cancer is called
"in situ”

« Ductal carcinoma in situ (DCIS), or intraductal carcinoma, is breast cancer
in the lining of the milk ducts that has not yet invaded nearby tissues. It may
progress to invasive cancer if untreated.

» Lobular carcinoma in situ (LCIS) is a marker for an increased risk of
invasive cancer in the same or both breasts.
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VARIOUS STAGES IN BREAST CANCER

Stage

Definition

Stage 0

Cancer cells remain inside the breast duct, without invasion mnto
normal adjacent breast tissue.

Stage 1

Cancer is 2 centimeters or less and is confined to the breast
(lymph nodes are clear).

Stage IIA

No tumor can be found in the breast, but cancer cells are found in
the axillary lymph nodes (the lymph nodes under the arm)

OR

The tumor measures 2 centimeters or smaller and has spread to
the axillary lymph nodes

OR

The tumor is larger than 2 but no larger than 5 centimeters and
has not spread to the axillary lymph nodes.

Stage IIB

The tumor is larger than 2 but no larger than 5 centimeters and
has spread to the axillary lymph nodes

OR

The tumor is larger than 5 centimeters but has not spread to the
axillary lymph nodes




tage I1TA

No tumor is found in the breast. Cancer is found in axillary lymph
nodes that are sticking together or to other structures, or cancer
may be found in lymph nodes near the breastbone

OR

The tumor is any size. Cancer has spread to the axillary lymph
nodes, which are sticking together or to other structures, or cancer
may be found in lymph nodes near the breastbone.

tage I1IB

The tumor may be any size and has spread to the chest wall and/or
skin of the breast

AND

May have spread to axillary lymph nodes that are clumped
together or sticking to other structures, or cancer may have spread
to lymph nodes near the breastbone.

Inflammatory breast cancer is considered at least stage I1IB

stage I111C

There may either be no sign of cancer in the breast or a tumor
may be any size and may have spread to the chest wall and/or the
skin of the breast

AND

the cancer has spread to lymph nodes either above or below the
collarbone

AND

the cancer may have spread to axillary lymph nodes or to lymph
nodes near the breastbone.




tage IV The cancer has spread — or metastasized — to other parts of the
body.

Table 1.stage of cancer
reast Cancer Statistics

e About 1 in 8 women in the United States (12%) will develop invasive breast
cancer over the course of her lifetime.

e In 2010, an estimated 207,090 new cases of invasive breast cancer were
expected to be diagnosed in women in the U.S., along with 54,010 new cases
of non-invasive (in situ) breast cancer.

e About 1,970 new cases of invasive breast cancer were expected to be
diagnosed in men in 2010. Less than 1% of all new breast cancer cases occur
in men.

e About 39,840 women in the U.S. were expected to die in 2010 from breast
cancer, though death rates have been decreasing since 1990. These decreases
are thought to be the result of treatment advances, earlier detection through
screening, and increased awareness.

e About 70-80% of breast cancers occur in women who have no family history
of breast cancer. These occur due to genetic abnormalities that happen as a
result of the aging process and life in general, rather than inherited
mutations.

e About 5-10% of breast cancers can be linked to gene mutations (abnormal
changes) inherited from one’s mother or father. Mutations of the BRCAI
and BRCA?2 genes are the most common. Women with these mutations have
up to an 80% risk of developing breast cancer during their lifetime.

e The most significant risk factors for breast cancer are gender (being a
woman) and age (growing older).

For women in the U.S., breast cancer death rates are higher than those for any
other cancer, besides lung cancer.



ymptoms of Breast Cancer

Initially, breast cancer may not cause any symptoms. A lump may be too
mall for you to feel or to cause any unusual changes you can notice on your own.
Mften, an abnormal area turns up on a screening mammogram (x-ray of the breast),
‘hich leads to further testing.

In some cases, however, the first sign of breast cancer is a new lump or mass
1 the breast that you or your doctor can feel. A lump that is painless, hard, and has
neven edges is more likely to be cancer. But sometimes cancers can be tender,
oft, and rounded. So it's 4important to have anything unusual checked by your
octor.

According to the American Cancer Society, any of the following unusual
hanges in the breast can be a symptom of breast cancer:

« swelling of all or part of the breast

« skin irritation or dimpling

. Dbreast pain

- nipple pain or the nipple turning inward

. redness, scaliness, or thickening of the nipple or breast skin
. anipple discharge other than breast milk

« alump in the underarm area

These changes also can be signs of less serious conditions that are not cancerous,
uch as an infection or a cyst. It’s important to get any breast changes checked out
yromptly by a doctor.
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METHODS FOR DIAGNOSING BREAST CANCER

"he various methods to diagnosing breast cancer are as follows:
» Self examination
- Mammography (low-dose amplitude-X-rays)
- Sonography(ultrasound-based diagnostic imaging technique)
« Biopsy(accurate method yet costly )
3.1 MAMMOGRAPHY

Mammography is the process of using low-dose amplitude-X-rays (usually
around 0.7 mSv) to examine the human breast and is used as a diagnostic and a
screening tool. The detection of breast cancer is typically through detection of
characteristic masses and/or microcalcifications. Mammography is believed to
reduce mortality from breast cancer. The resultant image obtained from a
mammography test is called as mammogram and it is used for further analysis.

Mammography techniques are classified into two types

o Film-screen mammography
e Digital mammography

3.1.1 FILM-SCREEN MAMMOGRAPHY

Film-screen mammography is a breast radiographic technique in which a
special single-emulsion film and high-detail intensifying screens are used. The
technique provides a fine image at radiation exposure levels of less than 1 rad,
compared with older methods that generated radiation levels of as much as 16 rad.



.1.2 DIGITAL MAMMOGRAPHY

Digital mammography is a specialized form of mammography that uses
ligital receptors and computers instead of x-ray film to help examine breast tissue
or breast cancer. The electrical signals can be read on computer screens,
yermitting more manipulation of images to theoretically allow radiologists to more
learly view the results. Digital mammography may be "spot view", for breast
iopsy, or "full field" (FFDM) for screening.

3.1.3 ADVANTAGES OF DIGITAL MAMMOGRAPHY

e Can allow the technician taking the x-ray to make adjustments, such as
enhancement, magnification, or other manipulation without having to take
another mammogram

e Can reduce exposure to radiation, due to reduction of the need for repeat
mammograms

s Takes pictures of the entire breast, even if the denseness of the breast tissue
varies

e Compared to film mammography, digital mammography is more sensitive
for detection of abnormalities in women with dense breasts, pre-menopausal
women, perimenopausal women, and women <50 years of age[1, 2]

3.2BIOPSY

A biopsy is a medical test involving the removal of cells or tissues for
examination. It is the medical removal of tissue from a living subject to determine
the presence or extent of a disease. The tissue is generally examined under a
microscope by a pathologist, and can also be analyzed chemically.

Breast biopsy is mainly done by any one of the following types

¢ Fine needle aspiration

e (Core needle biopsy

e Vacuum assisted biopsy
e Direct & frontal biopsy
e Open surgical biopsy



3.2.1TYPES

Fine needle aspiration

Fine needle aspiration (FNA) is a percutaneous ("through the skin")
procedure that uses a fine needle and a syringe to sample fluid from a breast cyst or
remove clusters of cells from a solid mass. With FNA, the cellular material taken
from the breast is usually sent to the pathology laboratory for analysis.

Core needle biopsy

A core needle biopsy is a procedure that removes small but solid samples of
tissue using a hollow "core" needle. For palpable (“able to be felt”) lesions, the
physician fixes the lesion with one hand and performs a freehand needle biopsy
with the other.

Vacuum assisted biopsy

Vacuum assisted biopsy is a version of core needle biopsy using a vacuum
technique to assist the collection of the tissue sample.

Direct & frontal biopsy

Recent innovations in tissue acquisition for the human breast have led to the
development of unique direct frontal systems. Efficacy is considered optimal if the
diagnosis by transcutaneous biopsy is identical to the surgical specimen in case of
malignancy or in line with clinical follow-up when benign.

Open surgical biopsy

Open surgical biopsy means that a large mass or lump is removed during a
surgical procedure. Surgical biopsy requires an approximately 3 to 5 centimeters
incision and is normally performed in an operating room in sterile conditions.



3.3SONOGRAPHY

Diagnostic sonography (ultrasonography) is an ultrasound-based diagnostic
imaging technique used for visualizing subcutaneous body structures including
tendons, muscles, joints, vessels and internal organs for possible pathology or
lesions. Obstetric sonography is commonly used during pregnancy and is widely
recognized by the public. Ultrasound exams do not use ionizing radiation (as used
in x-rays). Because ultrasound images are captured in real-time, they can show the
structure and movement of the body's internal organs, as well as blood flowing
through blood vessels.

3.3.1ADVANTAGES

Since ultrasound uses a different type of radiation (i.e.) sound waves it sees
the body differently than other imaging modalities. Ultrasound is non-ionising
radiation. X-rays, which are used in the traditional X-ray picture and in computed
tomography (CT), form images based on the reaction of the X-rays to the different
densities of the tissues. Sonograms are based on the speed and intensity of the
sound waves returning from different body structures. For this reason, it is safer
than an X-ray, and sonograms can take a different look at a particular structure.

Ultrasound can be offered as a screening tool for women who:

e Are at high risk for breast cancer and unable to tolerate an MRI
examination.

e Are at intermediate risk for breast cancer based on family history,
personal history of breast cancer, or prior biopsy showing an abnormal
result.

¢ Have dense breasts.

e have silicone breast implants and very little tissue can be included on the
mammogram.

e are pregnant or should not to be exposed to x-rays (which is necessary for
a mammogram).



3.3.2SONOGRAPHY OVER MAMMOGRAPHY

Although the nonpalpable and minimal tumors can be detected by
mammography, sonography is still suitable for palpable tumors.

Sonography has been shown to be similar in overall effectiveness to the use
of mammography and even better than mammography for women less than 35
years old.

Silicone breast implants and very little tissue included on the mammogram.
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PROCESS INVOLVED

The various techniques involved in classifying the breast mass using the

ultrasound image are as follows

1. Wavelet transform
2. Segmentation

3. Feature extraction

4.1 WAVELET TRANSFORM

In mathematics, a wavelet series is a representation of a square-integrable
(real- or complex-valued) function by a certain orthonormal series generated by a
wavelet. This article provides a formal, mathematical definition of an orthonormal
wavelet and of the integral wavelet transform.

In numerical analysis and functional analysis, a discrete wavelet transform
(DWT) is any wavelet transform for which the wavelets are discretely sampled. As
with other wavelet transforms, a key advantage it has over Fourier transforms is
temporal resolution: it captures both frequency and location information (location
in time).

The most commonly used set of discrete wavelet transforms was formulated
by the Belgian mathematician Ingrid Daubechies in 1988. This formulation is
based on the use of recurrence relations to generate progressively finer discrete
samplings of an implicit mother wavelet function; each resolution is twice that of
the previous scale. In her seminal paper, Daubechies derives a family of wavelets,
the first of which is the Haar wavelet. Interest in this field has exploded since then,
and many variations of Daubechies' original wavelets were developed.



4.1.1 IMPORTANCE OF WAVELET TRANSFORM

The wavelet transform has become a useful computational tool for a variety
of signal and image processing applications. For example, the wavelet transform is
useful for the compression of digital image files; smaller files are important for
storing images using less memory and for transmitting images faster and more
reliably. The FBI uses wavelet transforms for compressing digitally scanned
fingerprint images. NASA’s Mars. Rovers used wavelet transforms for compressing
images acquired by their 18 cameras. The wavelet-based algorithm implemented in
software onboard the Mars Rovers is designed to meet the special requirements of
deep-space communication. In addition, JPEG2K (the newer JPEG image file
format) is based on wavelet transforms. Wavelet transforms are also useful for
‘cleaning’ signals and images (reducing unwanted noise and blurring). Some
algorithms for processing astronomical images, for example, are based on wavelet
and wavelet-like transforms.

The wavelet bases y(x) are functions generated from a kernel function y(x)
called the mother wavelet, by dilation and translation as follows:

P dx) = Pl x — 2770 = 2°W(2°%x — 1)

where s and ¢ are dilation and translation parameters. The mother wavelet _
w(x) must satisfy the condition that either:

[‘I"(.\')(h = (.

(or)

el

J- I‘I}(‘H’]F
—— dw < %,

Where Jr(3y) is the Fourier transform of  W(x)



Wavelet decomposition is performed by convolving the signal f(x) with the
wavelet bases y(x); that is,

(f(x)- l;’.?r(*‘)) = J)ﬁ“) 'J’za_.r( T)d*‘

Many different wavelet bases have been constructed and correspond to multi
resolution analyses. In multi resolution analysis, let ¢(x) and y (x) be the scaling
function and associated mother wavelet; the computation of <f(x), ¢,",#(x)> is then
formulated as follows:

(A1x).@p1 %)) = 20k = 204(x). (X)),
k

and

X)Wz () = 2glh — 20{Ax). 024 (1)),

where A(f) =< &, &', > is aklow—pass filter, g(t) =< w,""', ¢;°, > is a high-pass
filter and g(t) = (-1)h(1-1). We could find that <f{x), ¢(x)> at 25*! scale could be
achieved by passing <f(x), ¢(x)> at 2% scale through the low-pass filter A(z).
Similarly, we could find that <f{x), w(x)> at 2°"' scale could be achieved by
passing <f{x), w(x)> at 2% scale through high-pass filter g(z). On the other hand, to
reconstruct f{x) at 2.5 scale, <f{x), ¢25,t(x)> is defined as:

(Ax). @udx)) = 2 (h(k — 204AX) @r1d X))

t

+ g(k - 2f}(f1 ."’i‘). l'{f:):-rlgf X }> }.

Where /(1) and &fTMare the associated reconstruction pair of 4(¢) and g(t). We
could find that the reconstruction of f{x) at 2% scale could be achieved by summing
the results after low-pass filtering and high-pass filtering the signal at 25" tevel
from the previous decomposition stage. If the wavelet bases are orthogonal, then



we could achieve an exact reconstruction by setting At} = It} and g(t)= A If
the fast computation is expected, the biorthogonal decomposition bases can be

used to achieve the exact reconstruction by setting gith - (-1)Y'h(1-£) and g(¥)

(-1Yh(1- 1).

A 2-D sub-band filter scheme is used when applying the wavelet transform
for image applications. The figure below depicts an example of the 2-D sub-band
scheme, First, a 1-D decomposition filter is applied to each row of the image signal
and then two filtered sub images, L and H, are generated by down-sampling. The
size of each sub-image is half of the original image size. The same 1-D
decomposition filter is applied to each column of sub images L and H, and four sub
images, LL, LH, HL and HH, are generated by down-sampling. The size of each
sub-image is one quarter of the original image size.

N 2 *
5 I R LL
> A L
2 *
i LH
s
2 *
Qriginal 2 * L HL
N H ,
image signal . 2
g HH
row decomposition column decomposition
. Fig.1 An example of 2-D representation of the wavelet

decomposition.



4.1.2 ADVANTAGES OF USING WAVELET TRANSFORM

e Wavelet transform of a function is the improved version of Fourier
transform.

e Fourier transform is a powerful tool for analyzing the components of a
stationary signal. But it is failed for analyzing the non stationary signal
where as wavelet transform allows the components of a non-stationary
signal to be analyzed. .

4.2 SEGMENTATION

In computer vision, segmentation refers to the process of partitioning a
digital image into multiple segments (sets of pixels, also known as super pixels).
The goal of segmentation is to simplify and/or change the representation of an
image into something that is more meaningful and easier to analyze.[1] Image
segmentation is typically used to locate objects and boundaries (lines, curves, etc.)
in images.

More precisely, image segmentation is the process of assigning a label to
every pixel in an image such that pixels with the same label share certain visual
characteristics.

The result of image segmentation is a set of segments that collectively cover
the entire image, or a set of contours extracted from the image. Each of the pixels
in a region are similar with respect to some characteristic or computed property,
such as color, intensity, or texture.

Adjacent regions are significantly different with respect to the same
characteristic(s). When applied to a stack of images, typical in Medical imaging,
the resulting contours after image segmentation can be used to create 3D
reconstructions with the help of interpolation algorithms like Marching cubes.



$.2.1 CLASSIFICATION

Segmentation is a vast area and there are many algorithms can be used for
segmentation. A broad classification is given below.

e Thresholding
e C(Clustering methods
o Compression-based methods
e Histogram-based methods
¢ Edge detection
e Region growing methods
¢ Split-and-merge methods
e Partial differential equation-based methods
+ Level set methods
e Graph partitioning methods
e Watershed transformation
e Model based segmentation
¢ Multi-scale segmentation
« One-dimensional hierarchical signal segmentation
« Image segmentation and primal sketch
e Semi-automatic segmentation

Neural networks segmentation

42.2 SEGMENTATION OF TUMORS FROM THE ROI IMAGE

An ROI image is an appropriate image containing the important contents n
which we are interested. Especially, it is more useful to make use of the ROI
images or medical image processing.

An ROI image is also known as the segmented image which varies from the
original image or it is only a part of the original image.



Fig.2 Ultrasound image of a tumor

From the image it can be clearly found that the tumor is obviously exhibited
in the central region of the image. For the ROI image, it is clear that color,
brightness and texture characteristics of the tumor are apparently distinguishable
from those of surrounding healthy tissues.

However, there still exists a considerable number of nontumor regions
around the tumor in an ROI image. In this case, the result would reduce the
accuracy rate of diagnosis for CADx systems.

Therefore, we propose a segmentation method for the purpose of removing
the nontumor regions from an ROl image.



The segmentation algorithm applied in the ROI images to segment the tumor

s described as follows.
Step 1: For the reason that an ROI image of a tumor is selected by

physician, the center of the tumor is expected to approximate the center of the ROI

image.

unor

center

Step 1: Define the center of the tumor
Hence, we assume that the center of the ROI image is the center of the

tumor.
Step 2: A number of radial lines are depicted from the approximated

center of the tumor defined previously to the boundary of the ROI image.

Step 2: Depict a number of radiate hines.

Step 3: Along with each radial line, we find a critical point that
approximates the boundary of the tumor and surrounding tissues.

o @
L i >
- : >

L : e

@ i - ;
..H""

- »
- a =

? w

Step 3: Find ceitical points.



Step 4: Finally, the critical points of the adjacent radial lines are connected
o depict the contour of the tumor.

Step 4. Connect critical points.

The major difficulty of the proposed segmentation algorithm is the way of
finding the critical points along with the radial lines at step 3. We describe the
method of detecting critical points as follows.

Step 1: Apply the wavelet transform on ROI image to obtain four subband
images.

Step 2: For the LL and HL subband images, evaluate the
associated local variance for each pixel by sliding a variance-evaluating window
throughout the whole image. The local variance is defined so as to evaluate the
variance in a predefined m *n rectangle with the currently processed pixel in the
center.

Step 3: Scan the pixels along with the radial line from the center of the
tumor to the image boundary to find the pixel whose local variance in LL or HL
subband is maximal. The maximum pixel is then considered the most likely
boundary point of the tumor because of its high local variance. One thing we
should note carefully is that we must avoid some nonboundary high-complexity
areas inside the tumor being misjudged as boundary points. To avoid such
misjudgment, we make some modifications during the scanning procedure. If there
exists a pixel scanned after the currently found maximum point whose local mean
is larger than the average of all -local means and local variance is greater than
average of all local variance, the pixel is then considered still to be inside the
tumor. This inside point is defined as the new maximum point and the scanning
procedure continuously works for the pixels in the radial line.



critical point

A pixel with low local mean -
and low local variance 1s ’
considered still inside the_,__..f%
tumor.
high complex
areas inside the tumor

Fig. 4 Finding the boundary of the mumor.

Step 4: After scanning all the pixels in the radial line, the maximum point is
considered to be the critical point of this radial line. The main reason we adopt
wavelet transform for the segmentation procedure is that wavelet transform could
reinforce local characteristics of textures, and the local variance of wavelet
coefficients is useful to extract local texture characteristics.

Meanwhile, the local texture characteristics are the most important
properties to differentiate two different regions in an image. In our method, the LH
subband is not used because of massive noise and the HH subband is also not used
because signals are weak and ambiguous.

Hence the LL and HL subbands are used for further computations.



4.3 FEATURE EXTRACTION

When the input data to an algorithm is too large to be processed and it is
suspected to be notoriously redundant (much data, but not much information) then
the input data will be transformed into a reduced representation set of features (also
named features vector).

Transforming the input data into the set of features is called feature
extraction. If the features extracted are carefully chosen it is expected that the
features set will extract the relevant information from the input data in order to
perform the desired task using this reduced representation instead of the full size
input.

Feature extraction involves simplifying the amount of resources required to
describe a large set of data accurately. When performing analysis of complex data
one of the major problems stems from the number of variables involved.

Analysis with a large number of variables generally requires a large amount
of memory and computation power or a classification algorithm which overfits the
training sample and generalizes poorly to new samples.

Feature extraction is a general term for methods of constructing
combinations of the variables to get around these problems while still describing
the data with sufficient accuracy.



4.3.1 FEASIBLE FEATURES FOR DIAGNOSIS

The features that are extracted for classification are as follows

Mean

Variance contrast

Autocorrelation contrast

Distribution distortion of wavelet coefficients

ol e

4.3.1.1 MEAN

The mean of a data set is simply the arithmetic average of the values in the
set, obtained by summing the values and dividing by the number of values. With
this in mind, it is natural to define the mean of a frequency distribution by

1 n n
p=—2 fim=D A%
=1 =1

The mean is a measure of the center of the distribution. As you can see from
the algebraic formula, the mean is a weighted average of the class marks, with the
relative frequencies as the weight factors. We can compare the distribution to a
mass distribution, by thinking of the class marks as point masses on a wire (the x-
axis) and the relative frequencies as the masses of these points. In this analogy, the
mean is literally the center of mass--the balance point of the wire.

The mean of an image can be calculated by using the grey level matrix and
hence the value is used for further computations.

4.3.1.2 VARIANCE CONTRAST

4.3.1.2.1 VARIANCE

The variance of a data set is the arithmetic average of the squared
differences between the values and the mean. On summarizing a data set in a
frequency distribution, we are approximating the data set by "rounding" each value
in a given class to the class mark. Thus, the variance of a frequency distribution is
given by
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The standard deviation is the square root of the variance:

o=a?

The variance and the standard deviation are both measures of the spread of
the distribution about the mean. The variance is the nicer of the two measures of
spread from a mathematical point of view, but as you can see from the algebraic
formula, the physical unit of the variance is the square of the physical unit of the
data. For example, if the variable represents the weight of a person in pounds, the
variance measures spread about the mean in squared pounds. On the other hand,
standard deviation measures spread in the same physical unit as the original data,
but because of the square root, is not as nice mathematically. Both measures of
spread are useful.

The relative frequency distribution as the probability distribution of a
random variable X that gives the mark of the class containing a randomly chosen
value from the data set. With this interpretation, the variance and standard
deviation of the frequency distribution are the same as the variance and standard
deviation of X.

4.3.1.2.2 VARIANCE CONTRAST

But in our case, since we have segmented the tumor region from the
surrounding tissues, the original image could be divided into two regions: inside
region (the tumor) and outside region (the surrounding tissue).

Thus, variance contrast is defined as the ratio of variance of the inside region
and variance of the outside region.

Variance of a region is defined as




Thus variance contrast can be written as

0'inside/ Ooutside

4.3.1.3 AUTOCORRELATION CONTRAST
41.3.1.3.1 NORMALISED CROSS CORRELATION

The brightness of the image and template can vary due to lighting and
exposure conditions, the images can be first normalized. This is typically done at
every step by subtracting the mean and dividing by the standard deviation. That 1s,
the cross-correlation of a template, £(x,y) with a subimage f{(x,y) is

1 Z (f(:rsy) _ T)(t(m,y) - f)

n—1 g O fGy

where n is the number of pixels in t(x,y) and f(x,y), ?is the average of fand
o is standard deviation of f. In functional analysis terms, this can be thought of as
the dot product of two normalized vectors. That is, if

F(:C!y) =f(:t:,y)-—f

and
T(x,y) =t(z.y) -t

then the above sum is equal to

(1w 1)

where {": *Jis the inner product and || - Ilis the L norm. Thus, if f and ¢ are
real matrices, their normalized cross-correlation equals the cosine of the angle
between the unit vectors F and T, being thus 1 if and only if F equals T multiplied
by a positive scalar.



Normalized correlation is one of the methods used for template matching, a
process used for finding incidences of a pattern or object within an image.

4.3.1.3.2 AUTOCORRELATION

Autocorrelation is the cross-correlation of a signal with itself. Informally, it
is the similarity between observations as a function of the time separation between
them. It is a mathematical tool for finding repeating patterns, such as the presence
of a periodic signal which has been buried under noise, or identifying the missing
fundamental frequency in a signal implied by its harmonic frequencies. It is often
used in signal processing for analyzing functions or series of values, such as time
domain signals.

Let X be some repeatable process, and i be some point in time after the start
of that process. (i may be an integer for a discrete-time process or a real number for
a continuous-time process.) Then X; is the value (or realization) produced by a
given run of the process at time i. Suppose that the process is further known to
have defined values for mean ; and variance Gi2 for all times i. Then the definition
of the autocorrelation between any two time s and £ is

E[(X: — pe)(Xs — 15)]

FpFg }

R(s,t) =

where "E" is the expected value operator.
4.3.1.3.3 GREY LEVEL CO-OCCURANCE MATRIX(GLCM)

A co-occurrence matrix, P ¢,d(i, j), is a matrix where the (1,j)th element
describes the frequency of occurrence of two pixels that are separated by distance d
in the direction _ with grey levels i and j. For an N * N region with M grey levels
(0, ..., M 1), the grey-level differences that single pairs of pixels can exhibit are
given below



(0.0) 0.1y ... (0.M — 1)
(1.0) (1.1) ... (1M — 1)

M—10) M—1.1) ... (M — 1.M — 1)

We can find that the co-occurrence matrix can capture the texture variations
in a region by various ¢ and d. The main power of the co-occurrence matrix
approach is that it characterizes the spatial interrelationships of the grey levels in a
texture pattern and it is invariant under monotonic grey-level transformations. In
general, a minimum set of co-occurrence matrices is four (¢ =0, 45, 90 and 135°,
respectively; d =1) for the texture about which we have no prior knowledge.

However, it is obvious that the size of the matrix is a function of the number
of grey levels in the image, and it would be prohibitively expensive to evaluate
matrix for each pixel in a general 8-bit image (256 256 elements in a co-
occurrence matrix). Thus, we use the statistical parameter matrices with the same
texture reservation properties, instead of the cooccurrence matrix. The statistical
method we adopted is 2-D autocorrelation, which can evaluate the texture
parameters for several distances between pixels and directly from the image
without using co-occurrence matrices. The main advantage of this method resides
in its calculation cost, which depends only on the size of the image treated and not
on the number of grey levels. Moreover, it allows the extraction of visually
perceptible physical parameters from the image, such as contrast, granularity,
regularity, periodicity, finesse or coarseness of the texture, and so on. The 2-D
autocorrelation coefficients A( m, n) between pixel (x, y) and pixel (x +Am, y+an)
in an image with size m* n is defined as:

1 w--f-Am on-1-An
A(Am . An) = - - NN flay
(Am.An) = A —An = = Slxa)

X flx + Ama -+ A



In general, Am and An are set as the distances among pixels whose
interrelationship is to be taken into consideration. Thus, there will be Am* An
coefficients.

4.3.1.3.4 AUTOCORRELATION CONTRAST

The autocorrelation contrast is then defined as the ratio of autocorrelation of
inside the region and autocorrelation of the outside region. That is, the
autocorrelation contrast is

A(Am: An)inside/ A(Am, An)outside-
4.3.1.4 DISTRIBUTION DISTORTION OF WAVELET COEFFICIENTS

4.3.2.4.1 LAPLACIAN DISTRIBUTION

It has been shown that, for a large class of images, the transformed

coefficients in each high-frequency subband can be well described by a generalized
Laplacian distribution p(x) given by

Ny — A ~ Al
pix) = 5 e M

whose mean is zero and variance 1s 212



The histogram of HL subband wavelet coefficients of an image and
Laplacian distribution is shown in figure
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Fig.5 Histogram of laplacian distribution

4.3.1.4.2 DISTRIBUTION DISTORTION OF WAVELET COEFFICIENTS

The summation of differences among the real distribution of wavelet
coefficients and the distribution of expected Laplacian distribution is adopted as
our feature. That is, the distribution distortion of wavelet coefficients is defined as

Shw(x) — p(x)].

Where w(x) 1s the real probabilitydensity function of HL subband wavelet
coefficients and p(x) is the expected Laplacian distribution.

The proposed three features are extracted synchronously in the wavelet
decomposition stage. Variance contrast and autocorrelation contrast are extracted
from the LL subband and the distribution distortion of wavelet coefficients is
extracted from the HL. subband.



CHAPTER-5




RESULTS

ORIGINAL IMAGE

The below figure depicts the ultrasound image to be given as input to the
prescribed algorithm.

Fig.6 Ultrasound image to be classified



RESULT OF WAVELET TRANSFORM

On the application of wavelet transform, four subbands are obtained due to
low pass and high pass filters. The details obtained are divided into approximation,
horizontal, vertical and diagonal which are LL, LH, HL and HH subbands

respectively.
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Fig.7 Subbands after applying wavelet transform



RESULT OF SEGMENTATION

The approximation subband image is considered and hence the process of
segmentation is carried out initilising the area inside the tumor region.

Fig.8 Result of segmentation



MAGE

1 2 3
FEATURES
MEAN CONTRAST 0.38223285 0.14918974 (0.15316761
VARIANCE CONTRAST | 0.68595181 0.57982214 0.74117010
AUTOCORRELATION 0.30953265 0.10925755 0.07942402
CONTRAST
Table 2. Features of benign tumors
IMAGE

1 2 3
FEATURES
MEAN CONTRAST 0.19205675 0.22014507 (0.37577963
VARIANCE 0.04862761 0.11999332 0.18366256
CONTRAST
AUTOCORRELATION | 0.24548476 0.23505532 0.21664598
CONTRAST

Table 3. Features of malignant tumors




. .

Fig.9 Binary image of the region outside the tumor

Fig.10 Binary image of the region inside the tumor



CONCLUSION

The texture characteristics of an ultrasound image impose a great effect in
the classification of tumor. Though there are several other features, the above
features are solely enough for the classification of a tumor as benign or malignant.
The importance of wavelet transform was clearly understood from the usage of the
subbands produced as a result of it.

Thus the proposed segmentation and classification algorithm reduces the
effort of the physician by automating the process, providing high accuracy. And
finally the tumor is classified without extracting a tissue from the examinee or
passing high frequency radiation through him.

5.1. FUTURE WORKS

A multilayered perceptron (MLP) neural network trained using error back -
propagation algorithm with momentum can be used for the differential diagnosis of
breast tumors on sonograms.

The main goal of an image-recognition system using neural networks is to
achieve the purpose that evaluates the input signals to the desired outputs correctly.
If the input feature vectors are chosen properly, a well trained MLP neural network
will achieve good performance for image recognition by its nonlinear, stable and
high-dimensional segmentation properties.
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