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Abstract: Problem statement: Elastography is developed as a quantitative agprtmimaging linear
elastic properties of tissues to detect suspictausors. We propose an automatic feature extraction
method in ultrasound elastography and echographghfaracterization of breast lesioAgproach: The
proposed algorithm was tested on 40 pairs of bigwsyen ultrasound elastography and echography
images of which 11 are cystic, 16 benign and 13ignaht lesions. Ultrasound elastography and
echography images of breast tissue are acquired) Bemens (Acuston Antares) ultrasound scanner
with a 7.3 MHz linear array transducer. The imagese preprocessed and subjected to automatic
threshold, resulting in binary images. The contoofsa breast tumor from both echographic and
elastographic images were segmented using levelmsthod. Initially, six texture features of
segmented lesions are computed from the two imgagsstfollowed by computing three strain and two
shape features using parameters from segmenteddesi both elastographic and echographic images.
Results: These features were computed to assess theirtiedieess at distinguishing benign,
malignant and cystic lesions. It was found that tdydure features extracted from benign and cystic
lesions of an elastogram are more distinct thamh ¢fizan ultrasound image .The strain and shape
features of malignant lesions are distinct front thiabenign lesions, but these features do not show
much variation between benign and cystic lesi@mclusion: As strain, shape and texture features
are distinct for benign, malignant and cystic lesicclassification of breast lesions using theatufes

is under implementation.
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INTRODUCTION the breast for different views cause patient didoomn
It is also difficult to image dense breast tissue i
Non-invasive methods used to diagnose breasnammography. These limitations of mammography
cancer still have limitations. Detection techniques  and sonography and the need, not to miss a malignan
currently based primarily on physical examination,lesion in the early stage of disease leads to ineas
mammography and sonography. Mammography andurgical biopsy that cause unnecessary patient
sonography are currently the most sensitive nondiscomfort, anxiety and hospitalization in addititm
invasive modalities for detecting breast cancerincreasing costs to the patient. This substantiablem
Ultrasonography is chosen as the work up toolremains in breast cancer diagnosis.
Ultrasound has long been used to distinguish betwee  Existing imaging technologies have limited
harmless, fluid-filled cysts and solid masses. Hoave  detection capabilities, as well as an inability to
solid masses are not always malignant. For examplalifferentiate benign from malignant cancers. Oueral
both fibroadenomas and scirrhous carcinomas aré solthere is a need for alternative non-invasive methaid
and stiff, but only the latter are malignant. Thedetection and diagnosis of breast lesions with tgrea
sonographic features for benign and malignant tesio sensitivity and specificity.
have been shown to override each other substantiall Mechanical measurements have shown that
(Stavros et al.,, 1995). In mammography, the pathological tissue can be up to 30 times stiffeant
compression of breast tissue and the repositioning normal tissue (Parkinet al., 2005). Ultrasound
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elastography described by Ophét al. (1991) is a Automated detection of tumor margin in breast
method for measuring the stiffness/elastic propserti elastography is desired for diagnostic puesos
of tissues (Stavrost al., 1995; Parkinet al., 2005; Wu Liu et al. (2007) proposed a preliminary
Ophir et al., 1991; Hall et al., 2003). The basic segmentation algorithm using the coarse to finévact
operating principle of elastography involves thecontour method. This method is effective for
comparison of the spatial arrangement of tissuerbef segmenting regions of images that have a relatively
and after compression. This scanning modality whictregular, well circumscribed single margin but migbt

can provide information about stiffness of thedesiis be effective in segmenting speculated masses with
currently used for detecting and identifying lesian  irregular margins as seen in malignant tissue.

the breast. Paired images are obtained, consisfitite Xia and Liu (2007) method refers to contour
standard B-mode image on the left and a pure straiavolution which improvises on the coarse to fingvac
image on the right (Haét al., 2003). contour method proposed by Lit al. (2007). This

Benign lesions usually appear smaller or of themethod can handle features that the active contour
same size on sonograms as well as on elastograms. hethod has difficulties with, including self interting
case of malignant lesions, the size appears langéne  contours and changes in topology.
elastogram (Elisat al., 2000). Unlike benign lesions In present study, ultrasound images of the breast,
that have smoother borders and are more looselgcbou namely the B mode ultrasonogram and elastogram are
to the adjacent perilesional tissue, thereby bamge preprocessed by a Speckle Reducing Anisotropic
mobile, malignant tumors are known to form stellateDiffusion filter (Yu and Acton, 2002). An automatic
boundaries that become firmly bound to thethreshold applied to the preprocessed images seisult
surrounding tissue through infiltration. During an binary images. The lesion region is identified gnBo
applied compression, benign lesions tend to undergXia’'s method of contour evolution. Three sets of
motion in an opposite direction to that of the features namely texture, strain and shape feammes
compression. On the other hand, malignant lesionsomputed from the segmented lesions of both image
move in the direction of compression while pullithgg  types.
perilesional tissue in the same direction; thereby The research is organized as follows. The contours
causing the perilesional tissue also to appedestiin  of a breast tumor are evolved from the acquired
the elastogram as well. ultrasound elastography and echography images of

Studies have demonstrated that B-mode ultrasounbdreast, followed by segmentation of breast lesions.
imaging tends to underestimate the size of a tumofexture, strain and shape features are extracted fr
compared to pathology measurement. It is shown thdhe segmented lesions.
the size of a breast tumor is larger in elastigitages
than in B-mode ultrasound images and it is a resisien MATERIALSAND METHODS
hypothesis that the tumor size in elasticity imaigea

more accurate representation of that measured afh@ge acquisition: Ultrasound elastography —and
pathology. echography images of breast are acquired using

Because of the ease with which compression ca iemens (Acuston Antares) ultrasound scanner with a

be applied to the breast, it is an ideal organ bithvto . -3 MHz linear array transducer. _In|t|ally B m(_)de
. . image of the lesion is taken, following which aghli
perform elastography. Due to the relative stiffne$s o ; i
: . . compression is applied. The effect of breathing and
breast cancer tissue, as compared to benign flbrE|

q q ¢ thod h last eart beat produce the required compression. The
adenomas and cysts, a method such as efastograp Péstogram is generated by the machine by comparing
which estimates tissue stiffness may be an atuecti

. = s 4 : pre and post compressed RF signals and the elastogr
tool for distinguishing benign from malignant lesso is displayed adjacent to the B mode image. The

In the diagnosis of breast cancer usingyjrasonograms and elastograms generated are gray
elastography, Garrat al. (1997); Hallet al. (2003)  scale images.

proposed several diagnostic criteria such as lesion

visualization, relative brightness and margin itlegity  Segmenting the lesion: Due to noise and speckles in
by capturing the radiofrequency data of the redldct the ultrasound B mode and elastographic imagesgnoi
echoes after giving compression to the lesion.ebut filtering and edge-enhancement are required. Theze
of using radiofrequency data, Steinbet@l. (2001) and several fundamental requirements of noise filtering
Moon et al. (2005) used continuous ultrasound imagesnethods for medical images. One, it should not thee
which are obtained through probe compression. important information of object boundaries and et

68



J. Computer <ci., 6 (1): 67-74, 2010

structures. Two, it should efficiently remove noise @+F|A 0 o)
the homogeneous regions and finally, it should eoba 3¢ ¢

morphological definition by sharpening discontimest

The Speckle Reducing Anisotropic Diffusion (SRAD) The functionp describes a curve defined by:
filter (Yongjian Yu and T. Scott Acton, 2002) meets

these requirements of noise filters and also impsov ox 1) =d

the image quality significantly while preservingeth ynere d is a signed distance between x and ttiacsur
important boundary information and hence, in present |t s inside (resp. outside) @f, then d is negative
study, speckle reducing anisotropic diffusion fitg  (resp. positive). The function F is a scalar sgeedtion
of real elastography and ultrasound B mode images ihat depends on image data and the funagicFhe main
done to reduce noise and speckles. drawback of this procedure is that during the et
Segmentation is required to separate the tumogan assume sharp or flat shapes. To overcome this
region from its background. Segmentation algoritions  problem, ¢ is initialized as a signed distance function
grey scale images are based on one of the two badiefore the evolution. Later, during the evolutidinjs
properties of image intensity values: discontinuatyd periodically reshaped to be a signed distancetifimc
similarity. In the first category, the approach ts  (Li etal., 2005). Liet al. (2005) proposed a modification
partition the image based on abrupt changes in thef traditional variational level sets to overcomtge t
intensity, such as edges in an image. The principgdroblem of the reshaping of functignto be a distance
approaches in the second category are based dnnction within the evolution cycle.
partitioning an image into two regions that areilsim _In present study, variational level sets are used,
according to a set of predefined criteria. In pnéstudy, ~ Which are more robust than those originally propose
automatic threshold and level set active contouhote ~ PY Osher and Sethian because they incorporate shape
based on the above criteria are used for segmemtati ~ 21d region information into the level set energy

An automatic threshold-determination method functions. Here, the initial contours of lesions hafth

Itrasound and elastography images are determiged b
proposed by Otsu (1997), can choose the thresioold . ; :
minimize the intraclass variance of the black ardtev #jhe method proposed by Xia and Liu (2007). This

pixels automatically. An additional control schelise algorithm consists of finding all endpoints in amge

map. All the valid pairs are established. The ki
allowed to enable the user to change the thresradlee cost for all the valid pairs is computed. All thairs

when he is not satisfied with the threshold Valuekeyed on cost are placed in a heap with the minimum
assigned by thi§ automatic method. In an elastogram,s; pair at the top. The pair of least cost from heap
the tumor region appears to be darker and thgs jteratively linked and the connected pair is oeed.
background bright. In present study, the prepra@mss Thjs algorithm has been applied to both ultrasoBnd

images are subjected to the above mentioned altbmainode and elastography images. The segmentation
threshold scheme, resulting in binary images as thiresults are shown in Fig. 1-4.

aids in sep.arat.ing the lesion from its ba}ckgro_uTiub After tumor contours are segmented from the
area of lesion is segmented from the binary image belastographic and US B mode images, six texture
applying level set segmentation technique. features, three values for features of strain-aemto

] ] difference, perimeter difference and area diffeecaind
Level set method: Level sets are first described by two values for the shape feature- solidity and ittt
Osher and Sethian (1988) as a method for capturingeight difference are computed.
moving fronts. In the level set formulation, the
segmentation problem is equivalent to the comparati Feature extraction: Eeature_s are to be_computed from
of a surfacel’ (t) that propagates in time along its the segmented region to identify lesions into ofie o
normal direction. Thel' surface is also called a the three types, namely benign, malignant or cystic
propagating front, which, according to Osher and

Sethian (1988), is embedded as a zero level ahe-ti Strain and shape features: The size of a malignant

breast tumor is larger in elasticity images thaowmshin

varying higher dimensional functiag(x, t): B-mode ultrasound images. Similarly, the size of a
s benign lesion in elasticity images is smaller onado
r(t)={x 00 \(p(x,t)=0} M) B-mode ultrasound images. Based on the difference i

size of lesions in elasticity images and B-mode
An evolution equation for an interface wherel ultrasound images it is decided to concentrateeatufes
is a closed curve ifnl? can be written in a general hamely area difference, perimeter difference andoeo
form: difference (Kavithaet al., 2009).
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Original Segmented image

Fig. 1a: Original US B mode image of malignantdesi
Fig. 1f: Computer delineated margin of lesion

Srad

Onginal

Fig. 1b: Filtered image Fig. 2a: Original elastogram of malignant lesion

Global thresholding-Otsu's method Srad
TR

i
-4

Fig. 2b: Filtered i
Fig. 1c: Image after applying automatic threshold 9 reredimage

Global thresholding-Otsu's method

Y

Fig. 1d: Final contour Fig. 2c: Image after applying automatic threshold

Segmented tumor

Fig. 1e: Segmented tumor (ROI) Fig. 2d: Final contour
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Begmented image

Ultrasonograr Elastogram

Fig. 4a: Ultrasound image and elastogram of a cysti
Fig. 2e: Segmented tumor (ROI) lesion

Segmented irmage

Fig. 2f: Computer delineated margin of lesion

Segmented image

Fig. 4b: Computer delineated margin of lesion of
ultrasound image a sound image

Ultrasonogram Elastogram

Segmented image
-

Fig. 3a: Ultrasound image and elastogram of a lenig
lesion

Segmented image

Fig. 4c: Computer delineated margin of lesion of
elastogram

Area difference: The area difference is used to
compare areas of lesions between two images, ias les
area changes in accordance to the applied preSshee.
area difference is defined as the difference betwee
areas of lesions in the ultrasound images and
elastograms divided by the number of pixels in the
lesion region of the ultrasound image:

Fig. 3b: Computer delineated margin of lesion of
ultrasonogram

Segmented image

Area difference 2 2x 10 3)
a

where, @ and @ are the lesion areas of ultrasonogram
and elastogram respectively.

Perimeter difference: The perimeter of the lesion is
] ] ) ] computed by calculating the distance between each
Fig. 3c: Computer delineated margin of lesion ofggjoining pair of pixels around the border of tegion.

elastogram It is length of the nuclear envelope calculatedthes
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length of a polygonal approximation of the boundaryContour difference: The contour difference feature is

(B), where p is perimeter of lesion. Polygonal
approximation is approximating a closed curve 2Pa
polygon by which a simple representation of thenata
object boundary is provided:

p=>1

xO0B

(4)

The perimeters of lesions in ultrasonogram a
elastogram are computed.

used to compare differences of contours between the
ultrasound B mode lesion and elastogram lesion.
Initially the contours are registered by linear foomal
method transformation. It is the transformationaof
image by scaling the image, rotating the image and
translating the image to a different coordinatetesys
Intensity weighted centroids are used as reference

ndpoints for the two lesions (Moon and Chang, 2005):

Ncondﬂf
(6)

Contour difference

Solidity: Shape values can be used to distinguish

between benign and malignant tumors. Benign lesion

usually have smooth shapes and so they produce

regular shape in both ultrasound and elastographi
images whereas malignant lesions present irregula‘\rI

shapes in elastograms. This difference can bereutai
in terms of a feature called solidity:

CVXar
CVXa — tUMOL:

Z N ot

Solidity = (5)

Where

Niot = The total number of imaging modalities
involved

CVXy =

tumor
tumor,, = The area of tumor

The convex hull (Zunic and Rosin, 2002) is the
smallest convex set containing a tumor and resesvale
rubber band wrapped around the tumor.

- = Contour ofthe lesion in

an elastogram

- — Contour of the lesion in
an ultrasonogram

(©

Fig. 5: Registered contour. (a) malignant lesion) (
benign lesion; (c) cystic lesion
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The pixel difference between the two
registered contours
= The number of tumor pixels in the ultrasound

image (Moon and Chang, 2005)

here:
condif =

The registered contours are shown in Fig. 5a-c for
malignant, benign and cystic lesions respectively.

Width to height difference: Due to applied stress, a
benign lesion appears smaller in an elastogram
compared to B-scan image, whereas a malignantnlesio

The area obtained from the convex hull of aappears larger in an elastogram because of itsl soli

nature. Based on this, the width to height differenan

be taken as a feature. An ellipse that has same
normalized second central moment as the region of
interest is drawn. The major axis length (heightyl a
minor axis length (width) of the ellipse are congult
The ratio of width to height is calculated for t@s$ of
ultrasonogram and elastogram respectively.

Texture features:. The texture features represent
changes of grey level intensity. The second order
statistical features namely standard deviationrgne
entropy, dissimilarity, homogeneity and contras¢ ar
computed using Grey level Co-occurrence Matrix
(Haralick et al., 2007) from ultrasonogram and
elastogram. This square matrix estimates the itaat
positioning and each cell carries the count of the
number of times a pixel pair occurs as a functibtwo
other parameters, the distance ‘d’ and the an@le
between them. Generally the value of ‘d’ is fixadla
and®@ is allowed to vary in steps of 45° clockwise up
to 180° to get 4 such matrices completely descgibin
the image region. The features are obtained from 20
ultrasound images and 20 elastograms. The minimum
and maximum value of each feature is shown in
Table 1-3. The obtained features are presented in
Table 1-3.

.
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Table 1: Texture features of ultrasonogram malignant tumors. Malignant masses are stiffer and
(Minimum to maximum) therefore deform less than benign masses, bedidgs t
Features Benign lesion  Malignant tumor  Cystic lesio appear darker anq larger than benign masses on an
Energy 1000050000 500-10000 2000-43000 e_lasto_gram. A benign tumor would be of comparabl_e
Entropy -83010-1290 -120 to -280 -2000 to -16000 Size in both sonogram and elastogram. A cyst is
Dissimilarity ~ 100-500 40-10000 3000-15000 characterized by its inner anechogenic substande an
ggnmt‘r)s;”e'ty fgt-;lt:fﬂooo 51?%(;738000 340500'25000000 thin echogenic outer wall nature. It is depictechihis
sD 20-60 022 -1.0 0.6-35 (bull’'s eye ap_pearance) in an eIastogram (F_lg The
computed delineated margin is the white outline.
Table 2: Texture features of elastogram TeXture fegtures Qf a lesion in.an elaStO_gram
(Minimum to maximum) provide better information about _thellnner detaifs
: : : -~ cyst than texture features of a lesion in an US d&ien
Features Benign lesion Mallgnant tumor Cystic lesio image Hence a Cyst is We" |dent|f|ed in an e|astogram
Energy 300-1000  2000-8000 3000-20000  than jn an US B mode image. From Table 2, it isisee
Entropy -60 to -540 -300 to -500 - 780 to -8000 that th . t h of diff bet th
Dissimilarity 3000-4000  80-1200 1300-20000 at there I1s not much ol difference between the
Homogeneity 52-278 268-530 160-1000 elastogram texture features of benign and malignant
Contrast 100 t01000  90-2500 430-3000 lesions, but there is much difference between the
SD 0.1-0.25 0.7-40 0.33-0.84 elastogram texture features of benign and cyssiotes.

From Table 3, it is observed that strain and shape

Table 3: Strain and shape features from ultrasonguad elastogram features extracted using parameters from US B mode

(Minimum to maximum) image and elastogram, well differentiate the malign

Features Benign and cystic lesion  Malignant tumor tumors from benign and cystic lesions. o
Area difference 5-100 -60 to -10000 Hence, elastogram texture features are superior in
Solidity 0.6-0.8 0.2-0.6 differentiating cystic lesions from benign conditio
Perimeter difference  10-100 100-1000 The strain and shape features well differentiate th
Contour difference  7-100 1-10 beni f l t lesi H lud
Width-height ratio  -40 to -150 15-100 enign from malignant lesions. Hence, we conclude
that it is appropriate to combine the information
RESULTS obtained from both US elastography and US B mode

images for better diagnosis.
The segmentation results are shown in Fig. 1-4.

Figure la-f show the various stages of filteringl an CONCLUSION
segmentation of an US B mode image of a malignant
lesion. Figure 2a-f show the various stages oériitig In this proposed method the two sets of images are

and segmentation of an elastogram of a malignanitially preprocessed by anisotropic diffusiontdiing
lesion. Figure 3a-c shows the ultrasound image angnd then by an automatic threshold technique. @bl |
elastogram of a benign lesion and their segmentedet method is utilized to segment the lesion in the
images. Figure 4a-c shows the ultrasound image argbmbined image. The texture, strain and shape resatu
elastogram of a cystic lesion and their segmenteédre computed from the segmented lesions. Someeof th
images. The computed delineated margin is the whitgeatures are distinct in an elastogram for the ethre
outline. ) . specified conditions and hence elastogram increthges
The features extracted are listed in Table 1-3gpecificity of diagnosis. Classification of bresstions
Table 1 presents the texture features of malignanysing texture and strain features obtained from

benign and cystic lesions of an US B mode imagey|trasound images and elastograms is under
Table 2 presents the texture features of malignanimplementation.

benign and cystic lesions of an elastogram. Table 3
presents the strain and shape features obtained fro

parameters of both US and elastography images. REFERENCES
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