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ABSTRACT

Dueto the ultrasonicexamination would not cause any sideeffect upon human’ sbody. Moreover,
because the low price, convenience, prevalence, and timdiness of ultrasonic scanner, the ultrasonic
ingruments grow into essentid for hospitals. The ultrasound became the most acceptable procedure for
patientsin the different types of digitd medica image. The ultrasonicimageisdsoan effident insrument
of the dinica physicians to diagnose the nidus a an earlier stlage. Automatic contour finding for the
breast tumors in the ultrasonic images may assst physicians without experience in meking a correct
diagnogs. Unfortunately, the digita ultrasonic image aways comprises speckles, noise, and
tissue-related textures, most traditiond segmentation techniques for the ultrasonic images do not
perform well. In this paper, we combined texture analyss techniques and the watershed segmentation
to detect the contour of breast tumors in the ultrasonic images. The auto-correlation coefficients are
applied as texture festures to classfy the breast ultrasound images by utilizing the sdf-organizing map
(SOM). After the SOM modd dassfying the texture features, the watershed transform is used to
detect the tumor contour. Computer simulation results show that the proposed method aways found
the smilar contour with the manud sketch of the breast tumor in the ultrasonic imeges.
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[.INTRODUCTION

Both medicad mammographic images[1-2] and ultrasonic images [3] can be used to detect and
diagnose breast tumors. Although mammography can visudize nonpapable and minima tumors,
ultrasonography isaconvenient and safetool for diagnosing breast tumors, especially pa pable tumors.
Modern medica ultrasound equipment provides real-time high-resolution imaging without the use of
ionizing radiation, and it isrelatively inexpensve and portable. The cost effectiveness and portability of
the moddity is particularly important in smaler hospitals as useful equipment to complex medica
imaging in atimey manner. Ultrasonic Images are basicdly markers for early detection of some breast
cancers. Using ultrasonic images to anayze the homogeneity of theinterna echo isone criteriathat can
assg in differentiating between benign and malignant lesions. Garra et al. [4] suggests that ultrasonic
image texture andysis is a Smple means of markedly reducing the number of benign lesion biopges.
Furthermore, Chen et al. proposes various computer-aided diagnoss (CAD) systems to differentiate
between benign and mdignant tumors [5-8] by using neurd network techniques. The proposed
systems diagnose breast tumors exploiting inter-pixel corrdations within the manua extraction
ultrasonic sub-image of the region of interest (ROI). The proposed CAD systemns perform differentid
diagnosisvery well. Experienced radiol ogists canidentify atumor in an ultrasound image by the tumor’ s
shape and by the contrast of interna echoes. A precise ultrasound image segmentation approach can
make an accurate diagnods of breast tumor. However, the digita ultrasonic image aways comprises
gpeckles, noise, and tissue-related textures, as shown in Fig. 1. In practice, tumor segmentation for a
digitized ultrasonic image is adifficult task for physcians. Thus, a wel functiond automatic contour
detection method is essentiad and urgent for dinica gpplication.

The traditiond edge-based segmentation methods often use the gradient of the image to find
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objects’ boundary. These methods are not designed for detecting the discontinuity of image intengty.
That is, the edge-based methods do not perform well for the ultrasonic image. The regionbased
segmentation methods such as solit-and-merge, region growing, and watershed transformetion are
sengtiveto the noise and contrast in image. Preprocessing procedures are proposed for improving the
performance of watersheds in various approaches [9-12]. Neverthdess, the tissuesin the breast
ultrasonic image are excessve variety and boundary discontinuity that aways creete difficulties in
extracting the accurate tumor’ s contour. Hence, we present an adaptive texture-based preprocessing
filtering in our contour detection scheme to reduce the noise, speckles, and tissue-related texturesin
breast ultrasonic images. Our scheme combines the advantages of neurd network classfication and
watershed segmentation techniquesto extract contour of the breast tumor from the ultrasound images.

The rest of this paper is organized as follows. Section Il describes the textud features extraction
and dassification for breast tumor. Section 111 reviews the main features of watershed transformetion.
Further, the proposed contour detection scheme for breast tumor is presented in Section 1V. Section V
gvesthe experimentd resultsfor thedlinica ultrasonic images. Findly, conclusonsare drawnin Section

VI.

II. TEXTUAL FEATURES CLASSIFICATION

An ultrasonic image condsts of many points with different values of gray levd intengty. Different
tissues have sgnificantly different textures. We exploited the correlaion between neighboring pixels
within the images as texturd features to didinct the breast ultrasonic images. The normdized
auto-correlation coefficients[ 13] can be used to reflect the inter-pixe correation within an image. The
2-D normdized auto-correlation coefficient between pixd (i, j) and pixd (i+Dm, j+Dn) in an image

withgze M x N isdefined as
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Moreover, the 2-D auto-correation coefficients are further modified into amean-removed version
to generate the milar auto- correlation coefficientsfor imageswith different brightnessbut withasimilar

texture. The modified verson is expressed as
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where f isthe mean vaue of f(x, y). Previous studies have found the modified 2-D auto-correlation

coefficientscan be used astheinter- pixel festuresto distinguish the differences between breast tumors

[0-10].

A sdf-organizing map (SOM) [14] contains an input layer, asingle hidden layer, and a mapping
array of output, asillustrated in Fig. 2. It refersto the ability of unsupervised learning. The number of
input neurons ensures from the dimension of the input vectors. In generd, the SOM mode defines a
mapping from the higher dimengion of input data Space onto aregular two-dimensiona mapping aray.
With every neuron in the mapping array, a parametric weight vector produced by learning agorithm is
associated. An input vector will compare with al weight vectors, and the best match is defined as the
SOM response. For amore useful analys's, each neuron in the mapping array may aso be marked a
classlabd usng training samples. During the weight modification phase of the learning agorithm, the

learning rate parameter and radid of the region of weight modification could be monctonicaly



decreasing over time. The SOM modds peform high unsupervised learning capability and

computationd efficiency. The proposed contour detection scheme classfies the breast ultrasonic

imeges by adding the find SOM mapping array.

For thiswork, the modified verson of the 2-D normalized auto-correlation coefficients and the
variance vaue of image are used as the input vector inthe SOM model. The dimension of the matrix can
be fixed for any dze of image. At fird the auto-correlation matrix is caculated as the texture festures
from an ultrasonic image. Take note of that the \due of A0, 0) is dways 1 for a normalized
auto- correl ation matrix. Thus, except for the element X0, 0), other auto- corrdation coefficientsand the
variance vaue of theimage are formed as the feature vector. Afterward the SOM modd is used to
decidethetexture classof breast ultrasound image. For each texture classin the SOM mode, a specia
designed noise reduction filter 5 adopted for preprocessing filtering of the ultrasonic image. The
proposed preprocess ng scheme canreduce theineffectua speckles, noise, and tissue-related textures

in ultrasonic images and preserve the shape and contrast of tumor.

1. WATERSHED TRANSFORMATION

Oneof themogt reliable automatic and unsupervised segmentation is the watershed transformeation
[15-16]. This ssgmentation method has been gpplied successfully to solve some difficult and diverse
image ssgmentation problem. Identicaly, the breast ultrasonic images are consdered as the 3D
topographic surfaces in this paper. The intengty of a pixd in the image denotes the devation in the
corresponding location. The objective of watershed transformetion is to find the watershed linesin a
topographic surface. Figure 3 illudtrates the watershed transformation to be performed on a

topographic surface of an ultrasonic image. Suppose that each regiond minimum of the surface has



holes. And then the topography is flooded from the bottom and rise through the holes. i the
mearwhile, dams are built to prevent the merging of two adjacent minima. Findly, each regiond
minmum is surrounded by dams. These dam boundaries correspond to the divide lines of the
watersheds. In generd, the watershed dgorithm aways can extract the continuous boundaries in an
imege.

However, the watershed transformation may produce over-segmentation. Thet isdueto noiseand
irregular texturesin animage. As shown in Fg. 4, over-segmentation can be serious enough to render
theineffectud result. Many approaches have been proposed to solvethis problem [17-20]. One of the
famous methods for controlling over-segmentation is based on the concept of markers. A marker is
defined as a connected component in image. The marker typicaly sdect by a set of criteria from the
preprocessed image. In [20], the detection dgorithm of amilarity-based watershed boundaries is
achieved from the markers. From the experiences, the proposed watershed segmentation dgorithm
auitsfor the ultrasound gpplications. Hence, the amilarity-based watershed dgorithm is performed in
thiswork to control over-segmentation. The implementations of the SOM preprocessing scheme and

the watershed segmentation are detail described in Section V.

V. CONTOUR DETECTION FOR BREAST TUMOR

In the proposed contour detection scheme, the modified auto-correaion coefficients are firgt
computed from the ultrasound image. The texturd coefficients and the variance vaue of the image are
obtained as a 25-D festure vector. The SOM model utilized the feature vector to decide the texture
classof the ultrasonic image. The SOM learning agorithm is a type of unsupervised, iterative vector
guantization that converts complex, nonlinear datistica detaitems from a high-dimensiond space onto

sample reference vectors in a low-dimensiond space. Whole agorithm is consgdered smilarly to the
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function of mapping in the brain of higher biologicd organismsThe ontline implementation of the
learning dgorithm is reiteraively executed from the training vectors and then products the synaptic
weight vectorswhich used for SOM model. Figure 5 illugtrates the structural diagram of the proposed

contour detection scheme.

The preprocessing filtering procedures are specia designed for the breast tumorsin the ultrasonic
images. We examined vaious preprocessng filters that suit for reduce speckles, noise, and
tissue-related textures in the breast ultrasound image. For each texture class in the SOM model, we
predefined an effective filter in kegping out the usdess information in the ultrasound images. After
achieving the preprocessing filtering into the origina ultrasound image, the amilarity-based watershed
segmentation dgorithm is used to detect the boundaries of the breast tumors in the proposed contour
detection scheme. Note that the preprocessed images adopted for producing the markers and the
watershed flooding procedure may create by the dissmilar preprocessing filters. This work can

improvethe performanceto generate the moreefficent markers for the watershed flooding procedure.

The watershed segmentation always products a poor contour for the breast tumor if the selected
marker is not efficdent enough. For example, Fig. 6(a) is an origind breast ultrasound image with a
benign tumor. Fgure 6(b) is the markers' image that generated without preprocessing filtering. We
perform thesmilarity- based watershed detection from the markers. As shown in Fig. 6(c), the result of
the detected boundaries is dtill over-segmentation. In this paper, a 2-D minimum mean sguare error
filter — Wiener method [13] is utilized as the primary preprocessing filter to reduce ineffectud noises
and then to obtain the more precise markers. The Wiener method is a pixel-wise adaptive low-pass
filtering that based on datistics estimated from aloca neighborhood of each pixd. The markers that

generated by using the 3 x 3 Wiener filter is shown in Fig. 6(d). It's effortless to observe that the



markers in Fig. 6(d) are more effident than the markers in Fig. 6(b). In practice, the watershed
dgorithm dways fulfills better segmentation results from the accurate markers. Fig. 6(e) and Fig. 6(f)
arethe watersheds for the ultrasonic imege through with 5 x 5 and 3 x 3 Wiener filtering, respectively.
Both of these two segmentationsfor the breast tumor aremore efficent than Fig. 6(c). Moreover, Fig.
6(e) isquiteamilar to the manua sketch contour of the breast tumor in comparison with Fg. 6(f). From
the results, the texture-based SOM preprocessing scheme is adopted in this paper. We found the
proposed scheme can automeatic generate the accurate contour for the breast tumor in an ultrasound
imege.

V.SIMULATIONSAND RESULTS

In this paper, the breast ultrasound imege database contained 60 ultrasonic images of
pathologicaly proven breast tumors. The database contained only one sonography from each patient
and thetumor sizeislarger then 1 cmin diameter for al cases. Theimageswere recorded from January
1, 1997 to May 31, 1998; the patients ages ranged from 18 to 62 years. All of the ultrasonic images
were performed using an ALOKA SSD 1200 (Tokyo, Japan) scanner and a 7.5 MHz lined red-time
transducer with freeze-frame capability. No acoustic standoff pad was used. The sonographic
examination was carried out by setting remained unchanged throughout the entire period of study,
except for changes made to obtain the best view. Then, when a sonogram is performed, an analog
video sgnd is tranamitted from the VCR output of the scanner to the image acquisition computer; the
dataisthen digitized by aframe grabber VVideo CATcher (from the Top Solution Technology Co.). The
capturing resolutions the externa frame grabber are 736 x 566 pixels for an NTSC video screen
picture. The study used the Prolab’ s Prolmage software package to capture the red-time digita

sonography. The monochrome ultrasonic imege is quantized into 8 bits (i.e. 256 gray levels). The
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contour of tumor is manudly seected and then saved as afile for later comparison with the proposed

scheme.

In the smulations, we use an SOM neurd network as nonlinear texture classfier. The SOM with
the size of mapping array was3 x 3 neurons. TheSOM output is used to decidethe texture class for an
ultrasound image. The 40 ultrasound images are used to train the SOM modd and the remaining 20
images are used to evauate the performance of the proposed contour detection scheme. Table 1
showsthepre-processing filtersthat arespeciad designed for the breast ultrasonic imagesin thetraining
st In our experiments, the Wiener filters are eficacious for remove the speckles, noise, and
tissue-related textures in ultrasound images To evduate the proposed method's performance
numericaly, the precisonratio (PR) and the match rate (MR) between the manud contour and the

automatic detected contour have been caculated. The PR is defined as

PR = (—'\'I\Idiff )" 100% , (4)

M
where N4 is the number of the discrepancy pixel between the manud contour and the automatic

detected contour, and Ny, isthe number of the pixd in the manua contour. The MR is defined by

|Area,, - Area,,|
Area,,

MR =(1- )" 100% (5)

where Area,, and Area,, denote the area covered by the contour of the manud sketch and produced

by the proposed scheme, respectively.

Table 2 shows the pathol ogy- proven result, size of breast tumor, SOM textureclass, PR, and MR
for the 20 ultrasoundimagesthat are outsde the training s&t. the origind magnified monochrome breast

ultrasound images no. 7, no. 14, and no. 19 are shown in Fg. 7(a), Fg. 7(b), and Fig. 7(c),
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repectivdy. Fig. 7(d), Fg. 7(e), and Fig. 7(f) illusrae the manud sketch contours from the
corresponding ultrasound image. Fig. 7(g), Fig. 7(h), and Fig. 7(i) show the contours produced by the
proposed scheme. Obvioudy, our proposed scheme obtains the Smilar contour with the manud

sketch of the breast tumor in the ultrasonic images.

VI. CONCLUSIONS

In this paper, we have proposed a novel contour detection scheme for the tumors in the breast
ultrasonic image. The proposed scheme combines the advantages of neurd networks and watershed
segmentation The texture-based preprocessing in the proposed method adopts an SOM mode to
cassfy the input images. The unsupervised learning dgorithm is performed to construct the synaptic
weightsfor the SOM classfier. Furthermore, the preprocessing methods are specid designed for each
texture class. And then the contour of tumor will be produced by using the Smilarity-based watershed
agorithm. Thiswork can keep away from over-segmentation and further improve the performance of
the watershed segmentation. 1n comparison with the manual sketch contour, the proposed scheme can
obtain the very amilar contour of the breast tumor in the ultrasound images. From the experimenta
results, we find that the proposed scheme is superior to detect the tumor’s contour from the breast
ultrasonic imege. Besides, the area information of the tumor can be used to trace the variant gate in
clinica diagnoss.In the future work, the proposed scheme could be utilized to find the initid shape of
tumor; moreover, some contour approximation agorithms such as the active contour modd (snake)

may be used to perform the more precise tumor contour.
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Fig.1. A 736 x 556 digital image is captured from the sonographic scanner. Note that there are 58 x
58 = 3364 pixelsin alcm x 1cm rectangle.

Input vector ‘ l l
—— \\/&’/
) BN

l/%
v,

Fig. 2. Structura graph of the SOM neura network used in this work.
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Fig. 3. Topographic view of watershed tranformation

Fig. 4. llludtration of over-segmentation: (a) a breast ultrasound image and (b) result of applying the
watershed dgorithmin [15].
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Fg. 5. The sructurd diagramof the proposed contour detection scheme.

-17-



(d) e V)

Fig. 6. Watershed segmentation with the distinct preprocessing: (a) the origind ultrasound image, (b)
the markers generated without preprocessng, (c) watersheds generated without
preprocessing, (d) the marker generated by the ultrasound image through with 3 x 3 Wiener
filtering, () watersheds generated by the preprocessed imege (usng 5 x 5 Wiener filter) and
themarker (d), and (f) watersheds generated by the preprocessed imege (usng 3 x 3 Wiener
filter) and the marker (d).
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Fig. 7. Reaultsof the automatic tumor’ s contour segmentation (white lines).
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TABLE 1
The preprocessing filtering that specia designed for the ultrasonic images outside the training s=t.

Preprocessing filters used to create Preprocessing filters used to create

SOI\ﬂlet:éture markers watersheds
Hlters Mask sze Flters Mask sze
1 Wiener 3x3 Wiener 5x5
2 none - none -
3 none - none -
4 Wiener 3x3 none -
5 Wiener 3x3 Wiener 5x5
6 Wiener 5x5 Wiener 5x5
7 Wiener 5x5 Wiener 3x3
8 none - none -
9 none - none -
TABLE 2

The pathology-proven result, sze of breagt tumor, SOM class, PR, and MR for the 20 breast
ultrasonic images outsde the training st

Ultrasound  Benign/ Tumor Sze (cm) SOM

imageno.  Mdignant  width  height class PR MR
1 M 1.89 1.06 1 86.00 99.44
2 M 2.56 1.25 3 84.77 98.98
3 M 1.61 1.04 7 85.20 96.97
4 M 1.18 0.90 4 82.24 97.17
5 M 0.64 0.46 8 74.33 98.25
6 M 1.46 0.58 6 87.23 93.89
7 M 1.46 1.28 8 78.25 95.49
8 M 1.66 1.35 9 74.90 84.14
9 M 2.33 2.54 6 80.69 85.64
10 M 2.06 1.02 1 87.72 93.66
11 M 1.94 1.06 1 86.26 91.39
12 M 1.01 0.92 3 86.13 95.81
13 M 2.33 1.80 4 91.40 99.36
14 M 1.54 1.27 4 81.91 97.54
15 B 1.35 0.63 2 71.70 83.11
16 B 0.90 0.42 6 80.71 99.43
17 B 1.32 0.56 6 82.81 95.84
18 B 1.52 0.78 2 84.34 97.37
19 B 1.52 0.59 5 82.43 97.05
20 B 1.90 0.83 1 88.80 98.74
Average 82.89 94.96
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