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Abstract: Problem statement: Detecting tumor areas in breast Ultrasound (US)giesais a
challenging task. The occurrence of benign areabr@ast may result in false identification of
malignant areas which may have serious outcofypproach: The CAD system could act as a
major function in the early detection of breast a@nand could decrease the death rate among
women with breast cancer. This challenge was esafgdaunting in non homogenous noisy US
Images where benign and malignant images werecdiffito identify. The US images possess
speckle noise which was its inherent property. &higly was an attempt to reduce false alarm in
Breast cancer detection using computationally efficfuzzy based image clusteriri@esults. The
proposed system was tested using images which Wéned from the famous American Cancer
database for conducting experiments. We had cordpiee Noise Induced images with that of the
De-speckled images and found that the de-speckiedés yeild a better image for diagnosis based.
Later the image was clustered based on Fuzzy C-Mbased clustering technique to identify the
cancerous cellsConclusion: An efficient method is suggested in this study whiassist in
diagnosing the cancer cells. The Fuzzy C-Meanstaling system identifies various important
artifacts, such as cyst, tumor and micro calcifaa. The challenge in this system is the speckle
noise. It can be extended to FCM class 2 non-homeges images.

Key words: Cancer detection, speckle noise, fuzzy logic, stitend images, imaging techniques,
image quality, pattern recognition

INTRODUCTION The study outline is as follows a brief discussafin
breast imaging techniques and their limitations is
Fuzzy logic is one of the powerful soft computing presented. Later, classification of region of iagrin
tools to overcome ambiguity in the ultrasound imdg&  preast imaging is presented. Image quality matrizes
(Sreeet al., 2011). These imperfections could possiblyexplained next. Following which, Fuzzy C-Means llase
relate with image during image capture or whilecjystering technique is presented. The methodolmgg
transmission phase. Presence of speckle noiseei®on for ys image clustering is discussed later. Finahe

the major imperfections linked with the US imagel &n  experiments and results following which the study i
may hamper the performance of CAD diagnostic toolSqncluded with future implementations.

Fuzzy based image segmentation could be used to

identify important pattern in noisy breast US inmgke  Imaging techniques and their limitations: In recent
can be categorized into following classes: fuzzyyears, prominent techniques like Magnetic Resonance
clustering, fuzzy rule, fuzzy geometry, fuzzy |maging (MRI), Mammogram and Ultrasound (US)
thresholding and fuzzy integral based clusteringmaging have key role breast cancer diagnosis. sBrea
techniques. Cancer results in 9% of mortality rate in womendage

In this study we have performed image clusterin ) - .
using Repulsive Fuzzy C-means (FCM) algorithm (L?oetween 40 60_y§ars. T(.) effectwgly treat a patieith
and Liu, 2007) in Ultrasound images which have thebreagt cancer it IS req_uwed FO diagnose it as samn
property of speckle noise. The motivation of this possible. Cancers in their starting stages aresptiste to
study is to devise a better diagnostic imagingbimast ~ treatment whereas cancers in their highly develspeges
cancer detection. are typically almost impractical to cure:
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Magnetic Resonance (MR) Imaging-Magnetic speckle noise or artifacts in the signal, so thality
Resonance Imaging (MRI) is non-invasive imagingassessment is an important factor. Therefore, xnatri
method. It is widely used for medical imaging based image quality assessments method MSE and
including breast screening. It is depends both orPSNR are used to assess the image quality.

Radio Frequency (RF) and Magnetic Fields (MF). = Mean Square Error (MSE)-Mean Square Error is a
The RF pulses influence the arrangement of themetric to measure the distortion brought by theising
resonant nuclei and thereby produce a detectablprocess in the images. It assesses the qualitgighal in
signal (Murugavalli and Rajamani, 2007) terms of its variation and its un-baseness. Sin&k N
Mammogram-A mammogram is a special type ofan expectation, it is not a random variable. ttééned by
non-invasive X-ray to examine human breast. Thighe mean square distance between the pixels of the
technique involved exposing breast to a small dosé'iginal image A and the pixels in the reconstructed
of ionizing radiation to produce details of the gea  IMage §. Itis given as Eq. 1:
Mammograms can help detect possible tumors long

before they could become serious problem Yy (‘Aij B, Dz
Ultrasound (US) imaging-Ultrasound is also a non- MSE:ZZT
invasive imaging technique based on sound waves. s y

It is used to provide details of breast that doctor
still has questions after mammograms. The
ultrasound image may be useful if a lump
contain solid or fluid. When compared with
mammograms this method produce sharp and hig
contrast patterns of possible micro calcifications.
An inherent property of US is speckle noise which
could be of possible hindrance for diagnosis

1)

Peak Signal to Noise Ratio (PSNR)-Peak Signal to
Noise Ratio is the ratio between the maximum pdessib
power of the signal and the power of the corrupting
oise that affects the fidelity of the representati
SNR is used to analyze the quality of the two iesag
original and reconstructed images after the deimpis
process. The smaller the value of MSE the larger th
PSNR which means the reconstructed image is the

Classification of Region Of Interest (ROI): proximity to the original image. Mathematically PN

is represented as Eq. 2:

Classification Of Cyst or Solid Mass-A cyst is @& sa ,
which is filled with fluid. When it is as fluid iis ~ pgyRr= 10|0g[ 255 ] )
considered harmless but if it is a solid mass it MSE
becomes cancer. The features of the solid mass
could provide essential clues about tumor Fuzzy C-Means (FCM) based clustering technique:
Classification of Calcifications-Basically thereear The Fuzzy Filters are non-liner filters used to
two types of calcifications. Macro-calcificationsea preserve the details in an image. Fuzzy Filters was
large calcium deposits present in the breast ssueproposed (Li and Liu, 2007) and refined (Ras#ial.,
They are considered harmless and often caused #911; Cannorwt al., 1986) and others. They use fuzzy
aging process. Micro-calcifications are the tinylogic model, which characterize the image as ayfuzz
calcium specks in the breast tissues. It is verpet of the fuzzy theory which is related to theesuobf
difficult to detect micro-calcification and ofters i fuzzy inference model. The fuzzy inference model is
undetected. The form of calcification is an impotta €Omposed of a group of logic connectors and IF-THEN
factor differentiation between benign and malignant fuzzy conditional statements. The outputs of the
Classification of Tumors-A tumor is an abnormal filters depend on the defuzzifying process, whigh i
growth of body tissue. Tumors can be cancerou§ Combination of the effects of the establishedesul
(malignant) or noncancerous (benign). They couldZhangetal., 2006).
grow in an uncontrolled manner and may invade  Fuzzy C-Means (FCM) Algorithm has been a
surrounding tissues. In ultrasound it appears agopular choice for pattern recognition using cliste
solid mass with irregular and unclear edges In fuzzy clustering, each point has a degree adrighg

to clusters, as in fuzzy logic, rather than beloggi

Image quality metrices: Image quality is a completely to one cluster. Thus, points on the emfoe
characteristic of an image that measures the p@tei cluster may be in the cluster to a lesser degree th
image degradation (typically, compared to an id@al points in the center of cluster. Any point x hasea of
perfect image) (Gonzalez and Woods, 2002). USoefficients giving the degree of being in tHedtuster
imaging systems may introduce some amounts ofv(x). With fuzzy c-means, the centroid of a cluster
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the mean of all points, weighted by their degree ofAffect of Noise Reduction using Evolutionary ANFIS

belonging to the cluster Eq. 3: technique as the presence of speckle noise carrhihd
detection of malignardreas.
c = > Wi (x)x 3) Figure 2b shows the image clustering using Stahdar
kT Zka (x) Fuzzy C-Means Clustering applied on Original imdge.

Fig. 2c shows how standard FCM can be used foimiind
The degree of belonging, ), is related inversely to  the Region Of Interest (ROI).

the distance from x to the cluster center as catiedlon Figure 3 shows the image clustering using Repilsiv
the previous pass. It also depends on a parameteatm Fuzzy C-Means Clustering (Li and Liu, 2007; Cangbn
controls how much weight is given to the closestree al., 1986) applied on image corrupted with homogenous
noise ab = 0.015. Results show that the presence of noise
MATERIALSAND METHODS affects the clustering process in terms of imagityuand

the efficiency.

The proposed methodology —describes fuzzy  1ne effects of non-homogenous noise are shown in
clustering of breast malignant areas in noisy Usges Fig. 4. Original image corrupted with speckle noate

with the following steps: o = 0.015, 0.020 and 0.025. The presence of speckle

«  First we synthesis breast image by inducing specki@dversely affects the detection of artifacts. The
noise across the breast image hl., 2010) proposed method is applied on the image corrupted

« To maintain the consistency among differentwith noise as shown in Fig. 4.
images Mean Square Error (MSE) and Peak Signal FCM analysis on various images is shown in Table
to Noise Ratio (PSNR) is used as metrics. 3. This analysis broadly divides into three categgor

* Repulsive C-Means Fuzzy clustering (Canr@n FCM applied on original image, FCM applied on
al., 1986; Shanmugaret al., 2011) is performed on pojse induced image and Repulsive FCM applied on

the images obtained in step i of this algorithm 4 _noised image. FCM analysis is performed by
 Memetic based ANFIS techniques used to de'no'sgalculation of cluster centers and then the

the images (Alamelumangai and DeviShree, 2011), t of b to th N ing th
Repulsive C-Means Fuzzy clustering is againassgn_men_ of members 1o these centers using the
performed on these images obtain after step iv. Euclidian distance.

» Compare with original image (Shanmuganal.,
2011) the results are as in Figure 4 which show a
significant improvement in clustering process

Compare with the original image the noise induced
image as in Fig. 3, 4 to indentify the tumor cells.

RESULTSAND DISCUSSION

@

The experiment is simulated using Matlab7.5 (Therig. 1: (a) Original US Image (b) Original image
Mathworks Inc) and the performance of the proposed corrupted with (c) De-noised image using

method is evaluated using 255x%255 grayscale images Proposed
(Image Source) with prominent malignant areas. The
Region Of Interest (ROI) is the tumor. The effe€t o
increasing noise level on the quality of the image
shown in Table 1. MSE is the mean square error
between the original and noisy image and origimal a ‘
de-noised image. The improvement in PSNR in the
experiments is shown in Table 2. It is inverselated
with the MSE. PSNR is the peak signal to noiseorati
between the original and noisy image and the aalgin ©
and de- noised image.

Figure 1b  demonstrates suppression ofFig. 2: (&) Original US image (b) Standard FCM with
homogenous noise at = 0.015. Figure 1c shows the for classification (c) ROI detection
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Table 3: Clustering results

Repulsive FCM Repulsive
us Repulsive for speckle FCM for
Image data FCM noise induced image de-noised image
Image 1 905.6 1417.2 1241.8
Image 2 704.7 1217.7 1190.6
Image 3 961.4 1474.6 1267.4
Image 4 504.8 1017.2 1186.2
Image 5 891.1 1402.2 1207.0

@ It is an iterative process and stabilized aftetaie
Fig. 3: (a) Original US image (b) Original image computations. In the above experiment the iteration
corrupted with noise at = 0.015 (c) Standard stabilize at 15. The execution time is proportienadth
FCM with for classification (d) ROI detection the number of clusters. Since we have only onet@lus
the time taken is 1.005 sec.

In Table 3 the clustering results using Repulsive
FCM, the impact of speckle noise on the performance
of FCM algorithm is shown and the proposed de-
noising technique incorporated into the Repulsi@F
algorithm shows a significant improvement in the
clustering of the image.

CONCLUSION

Fuzzy image processing has widely been used in
the context of image segmentation and noise reolucti
In this study Repulsive FCM (Li and Liu, 2007;
Cannonet al., 1986) Algorithm has been tested on
noisy breast US image. Results showed that our
technique effectively clusters the breast malignant
areas, which could take more computations by
conventional clustering methods. The clustering
system identifies various important artifacts, suah
cyst, tumor and micro calcifications. Patient i
history together with better detection mechanismdd
Fig. 4: (@) Original US image (b) Original image be beneficial for early diagnosis. Based on oudystue
corrupted with noise at = 0.015 (c) De-noised have found number of areas for future research
image using Proposed Method (d) Repulsiveincluding detecting of tiny micro calcification. In

FCM with for classification (€) ROl detection ~ future, we can extend FCM class 2 for non-
homogenous noisy image to increase the computationa

Table 1: StandarDeviations (STD) in terms of Mean Square Error (ISE complexity and when applied to de-noised image
MSE MSE complexity is expected to decrease. Other poteatizh

(d) @)

o (Standard (Original and (Original and could be the classification of tumor based on the

Deviation) Noisy Image) De-Noised Image) sharpness of the contours of artifacts

0.010 0.5100 0.4854 P :

0.015 0.4819 0.4623

0.020 0.4726 0.4452 REFERENCES

0.025 0.4999 0.4926 i )
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