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A Novel Approach to Microcalcification Detection
Using Fuzzy Logic Technique

Heng-Da Cheng,*Senior Member, IEEEYuUi Man Lui, and Rita I. Freimanis

Abstract—Breast cancer continues to be a significant public breast cancer at some point during her lifetime [1]. Primary
health problem in the United States. Approximately, 182000 new prevention seems impossible since the causes of this disease
cases of breast cancer are diagnosed and 46000 women die ok remain unknown. Early detection is the key to improving
breast cancer each year. Even more disturbing is the fact that b is. M hv has b h b
one out of eight women in the United States will develop breast reast cancer progljosus. ammography has ee!’l shown to be
cancer at some point during her lifetime. Since the cause of OnNeé of the most reliable methods for early detection of breast
breast cancer remains unknown, primary prevention becomes carcinomas. However, it is difficult for radiologists to provide
impossible. Computer-aided mammography is an important and  gccurate and uniform interpretation for the enormous amount
challenging task in automated diagnosis. It has great potential of mammograms generated in widespread screening. Recently,

over traditional interpretation of film-screen mammography in . . . -
terms of efficiency and accuracy. Microcalcifications are the ear- COMPputer-aided mammographic screening [2], [3] has received

liest sign of breast carcinomas and their detection is one of the key great attention because of its speed and consistency and could
issues for breast cancer control. In this study, a novel approach provide a promising solution to this task.

to microcalcification detection based on fuzzy logic technique is  An early sign of disease in 30%-50% of mammographically
presented. Microcalcifications are first enhanced based on their . -

brightness and nonuniformity. Then, the irrelevant breast struc- dgtected .Cf"‘se.s is the appearance .Of Cluste.rs of fm.FT" granular
tures are excluded by a curve detector. Finally, microcalcifications Microcalcifications [4]-{10]. Sometimes, microcalcifications
are located using an iterative threshold selection method. The are the only mammographic sign in early breast cancer [9],
shapes of microcalcifications are reconstructed and the isolated [11], [12]. Detecting microcalcifications at an early stage
pixels are removed by employing the mathematical morphology s pecessary so that the proper treatment can be effectively

technique. The essential idea of the proposed approach is to . - . e
apply a fuzzified image of a mammogram to locate the suspicious applied. Automated detection of microcalcifications can be an

regions and to interact the fuzzified image with the original €fficient tool for mammographic screening process.

image to preserve fidelity. The major advantage of the proposed  Although computer-aided mammography has been studied
method is its ability to detect microcalcifications even in very gyer the last two decades, automated interpretation of micro-
dense breast mammograms. A series of clinical mammograms are . cifications still remains very difficult. The major reasons
employed to test the proposed algorithm and the performance is . . -

evaluated by the free-response receiver operating characteristic are as follqws. First, th? objg(;ts Of, !nte.rest can be ex.tremely
curve. The experiments aptly show that the microcalcifications Small, leading to potential misidentification. Second, different

can be accurately detected even in very dense mammograms usingsizes, various shapes, and variable distributions of microcalci-

the proposed approach. fications appear in mammograms, therefore, sample matching
Index Terms—Breast cancer, fuzzy entopy, fuzzy logic, micro- Seems to be impossible. Third, the regions of interest (ROI's)
calcification, segmentation. may be of low contrast. The intensity difference between

suspicious areas and their surrounding tissues can be quite
slim. Fourth, the dense tissues and/or skin thickening, espe-
) o ) cially in younger women, cause suspicious areas to be almost
B REAST cancer continues to be a significant public healfjyisible. Finally, dense tissues may be easily misinterpreted
problem in the United States. It is estimated that 182 0Q4 ca|cifications yielding a high false-positive (FP) rate that is
new cases of breast cancer would be diagnosed and 46 QOIQlajor problem with most of the algorithms.
women would die of breast cancer each year. One out of eightry deal with these problems, many methods for auto-
women will develop breast cancer at some point during hgfated digital mammography processing have been studied.
lifetime in th|s_ country. Ev_en more d_|sturb|ng is th_e fact thaépiesberger [13] described a computer-aided mammographic
one out of eight women in the United States will develogcreening algorithm. Brightness, compactness, and statistics
M - ved September 12. 1996 ed Aoril 23. 1998 Tmeasures are applied in a decision tree to characterize the can-
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its neighbor subimages. The segmented objects are analygmeimmographic images, without degradation of the detectabil-
using size, shape, and gradient measures to extract clustergyoff subtle microcalcifications. The highest compression rate
microcalcifications. This method segments microcalcificatiomgthout significant loss in detection accuracy was 9.6: 1.

only based on the intensities of an image. It may not beln this paper, we attempt to overcome the problems in-
correct and would affect the further processes. Seeml. troduced by the existing algorithms, and propose a novel
[17] discussed different shape factors including compactneapproach to detecting the microcalcification clusters in ar-
moments, and Fourier descriptors in calcification analysisitrary shape and in the mammograms of the breasts with
These quantitative measures represent the roughness of shapseus densities, and to reduce computational burden. The
and are used to classify calcifications in mammograms. Thpsoposed algorithm consists of the following five major steps:
conclude that the combination of these three measures is beittege fuzzification, image enhancement, irrelevant breast-
than just using only one or two. Faet al. [18] proposed structure removal, segmentation, and image reconstruction.
a method for the detection of fine-clustered calcifications. @lobal information (brightness) and local information (nonuni-
their studies, if a pixel intensity falls in a specific range, théormity) are exerted to produce a fuzzified image and an
region-growing algorithm is applied and the intensity gradieenhanced image. Moreover, the irrelevant breast-structures
is computed to test whether the candidate pixel satisfies #e eliminated by the proposed curve detector. An iterative
mean and variance criteria. The problem of this algoriththreshold is then used to locate the microcalcifications. Finally,
is that it requires many user-input variables. These vathe microcalcifications are reconstructed by mathematical mor-
ables are actually image dependent and should be determipbdlogy techniques. A series of clinical mammograms are
automatically. Charet al. [4], [5] described an algorithm employed to test the proposed algorithm. The experiments
for microcalcification segmentation. The difference betweeaptly show that the microcalcifications can be accurately
the enhanced image and suppressed image is calculatedodated even for very dense mammograms, but most of their
local thresholding technique is then used to segment tfeatures are also well preserved.

image. Finally, clustered microcalcifications are identified by The organization of the rest of this paper is as follows.
a criterion in which a preselected number of pixels withifthe data acquisition is illustrated in Section Il. The proposed
a region is used. Monte Carlo simulated microcalcificationgethod is presented in Section Ill. The experimental results
are employed to test this algorithm, but no results of clirand conclusions are given in Sections IV and V, respectively.
ical mammograms have been reported. Maseical. [19]

introduced a method for microcalcification segmentation in ll. DATA ACQUISITION

high-resolution digital mammograms. The enhanced image i _ . . -
obtained by the round high-emphasis technique which is ;The mammographic images were obtained by direct digital

high-pass filter preserving round edges and texture gist Wh%ﬁqwsmon using a Ph'"'p‘c’. Computed Radiography System
: . . . ih the Department of Radiology, Bowman Gray School of
is the average of morphological opening and closing subtracted .. ". . . .
SO . . . Medicine/North Carolina Baptist Hospital. Images were ob-
from the original image. A threshold technique is then applied. : X
. e ; Lo ained from sequential patients who presented for needle local-
to segment the microcalcifications. This method is limited tQ_.,. : . ) :
. e } ization prior to surgical biopsy for mammographic nonpalpable
detect round shape microcalcifications. However, microcalcly o . L .
L . abnormalities. Normally, we obtain preliminary lateral-medial,
fications often occur as variable shapes. Dengleal. [20] . . o X
. . . e ._and craniocaudal views of the breast to be biopsied, just prior
introduced an algorithm of microcalcification segmentation., N . . .
to needle localization, to verify location of the abnormality

First, a hlgh-pas',s f||t'er|ng IS performed by suptractmg ﬂ}%r accurate targeting. Therefore, no additional radiation was
low-pass Gaussian filtered image from the original |mag§

. . .—~réceived by the patients in obtaining these images. In this
Then, the difference between a detected spot and its neigh erdy, a total of 75 mammographic images were selected. Al

spots is computed by the Gaussian operation with differe ) . . . )
weights. If the difference is less than a threshold, this sp(éftthem had been read by radiologist with mammographic ex

. . . e rtise and proven by biopsies. Among them, 60 are abnormal
is not considered to be a microcalcification. The threshodé P y biop 9

. . - nd 15 normal. The size of the images is 2512000 pixels
is determined to be 26 the global standard derivation that ith 1024 gray levels. The pixel size is 0.1 01 mm.

is derived from the image after the Gaussian operation. T fore applying the proposed approach, ROI's of images were

S?%T;eggf: "tT;?sg?hersur?oelg :rsea 2:;55)arlggatlrclel;rt]éetr;ztzznogl%zted by a radiologist with specialization in mammography.
PIX w Y u e calcifications presented as clusters containing two or more

deviation. The final threshold is chosen as &e standard tected pixels within a 15 15 box. The formats of ROI are

- . . d
derivation. Finally, eight structL_Jre eIem_ent_s are employeaned to 256x 256 pixels with 256 gray levels due to the limit
to reconstruct the shapes of microcalcifications. Ckhaml.

[37] stated that the detection accuracy by computer decreag(fac}he hardware available.

as the pixel size increased from 0.035 mmM.035 mm,

and evaluated two compression methods and the effects on IIl. PROPOSEDAPPROACH

computerized detection of subtle microcalcifications. They The aim of this study is to develop an algorithm to detect

concluded that the discrete cosine transform with full franmicrocalcifications in mammograms of the breasts with vari-

entropy coding (DCT-FFEC) method with bit splitting isous densities. The digital mammographic images are the only
more efficient than the Laplacian pyaramid hierarchical codirigputs of the proposed algorithm and no other information is

(LPHC) method with linear quantization for compression afequired. The proposed method consists of five major steps:
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enhancement is still an essential and first step of digital

mammographic processing. A common assumption in digital

‘ mammography is that the suspicious areas are brighter than
= . their surrounding tissues [21]. Dhawan al. [22] described

a contrast histogram whose low region might belong to the

fat tissues and the high region might belong to features.

Similarly, the basic postulate of the proposed method is that the
Fig. 1. The system diagram of the proposed algorithm. intensities of microcalcifications are higher than the average
intensity of the breast tissues. In addition, the regions of

image fuzzification, image enhancement, irrelevant breagfcrocalcifications are usually inhomogeneous. The proposed

structure removal, segmentation, and image reconstructionoAnancement technique employs fuzzy set theory and geomet-
schematic diagram of the proposed approach is given in Fig.

) - ’ - ' rﬂ:al statistics to increase the contrast of microcalcifications.
In step 1, global information (intensity) is employed Qi the original image is transformed to a fuzzified image

transform an image to a fuzzified image using dunction.  4ccording to the brightness, then, the nonuniformity of the
The cross-over point, which corresponds to the intensity Fggions is measured using geometrical statistics.

microcalcifications, is determined automatically. Local infor- Fuzzy set theory has been proven to be useful in many
mation (geometrical statistics) is then employed to compute tHF'eas of image processing [23]-[25]. It is well known that
_nonunifo_rmity in step 2, and will interact with th_e fUZZiﬁ_e_dmammographic images have some degrees of fuzziness such
mformanon. These two .factors are usgd as m'crocalc'f'cg'sindistinct borders, ill-defined shapes, and different densities.
tion enhancement criteria. Due to a wide variety of breag)e g the nature of mammography and breast structure, fuzzy
tissues, some unwanted breast structures may be enhangggl \y5yid be a better choice to handle the fuzziness of mam-
with microcalcifications. These breast structures are remoy, grams than traditional methodn this study, fuzzy logic

in step 3. We found that most of these breast structures al&mpioved to accomplish this objective. First, the intensities
curve-like patterns after the microcalcification enhancement. an image are transformed to an interval [0, 1] using a
modified curve detector is applied to remove these irrelevagt, -tion [26] shown in Fig. 2. The values of thefunction
details but to preserve the shapes of microcalcifications. Thig, aqent the degrees of the closeness of being microcalcifica-
procedure take.s the enhanced mqge gs an input and INterASHY in terms of intensities. The function is, therefore, used
the enhance_d |mage_z_W|t_h the 0r|g|r_1al image to preserve tR)elocate the intensities of microcalcifications. The selection of
shapes of microcalcifications. After irrelevant breaSt'Str”Ctuéecross-over point could be viewed as an object-background
removal, an iterative threshold selection method is appligthqgification problem, and the thresholding techniques [27],
to locate the microcalcifications in step 4. A morphologlcetbsl can be applied. Valley-seeking approaches are usually
operator, close-opening, is adopted to reconstruct the shapgi; o 1o select a threshold if the histogram is bimodal.
of microcalcifications in step 5. Finally, microcalcifications argiowever, histograms would not always be bimodal, especially
located. The main advantage of this paper is that by USinQnamedicaI images. The fuzzy region of the function is
fuzzified image and the proper thresholding technique as Wellosen as the range from the mean intensity to the maximum
as the modified curve detector, the microcalcifications can P‘P(ensity of the image, since the proposed approach assumes
effectively detected even in very dense mammograms. i+ the intensities of microcalcifications are higher than the

) o average intensity of breast tissues. It implies that the intensities
A. Microcalcification Enhancement of microcalcifications are located somewhere between the

Since many mammograms do not have sufficient contrasean intensity and the maximum intensity of an image.

to allow easy detection of microcalcifications, mammographithe intensities of microcalcifications correspond to the cross-

Image Segmentation
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over point. The cross-over point selection using the entropyThe value oft* is employed as the cross-over point of the
thresholding method [29] is briefly described as the followingr: function. Ther function [26] can be computed as follows:
Letp1, pr+1, - -+, pnv be the probability distribution of grey

. LY TS 0, <
levels. The object and background distributions are shown as 2 I < v <
: Sla: _) 2lg—2)/(z— )], r<g<y g
fO“OWS. (97 z, Y, Z)— 1_ 2[(9 _ Z)/(Z _ x)]Q’ y<g<z (8)
Picture Background: 1 g >
n D2 DPr—1 S(g;c—b,c—1b/2,¢) if g<ec
, e 3 1 . — g ) » ©) 9>
Py P By @) (g3 b, ) { 1—S(g; ¢, c+b/2, c+1b), otherwise ©)
Tissue Background: whereyg is the intensity¢ is the cross-over point and let= ¢*,
Dk Pril Dy @ andb is the fuzzy bandwidth defined as:
Po=Pey B=Br B B b= max{(c— k), (N — c)} (10)
Object: . . . : .
wherek is the mean value, andy is the maximum intensity
Pt+1  Pry2 PN of the image.
T p y Ty . (3) g
1-FK 1-5 1-P We user function to fuzzify the original image. The

fuzzy = function (9) is constructed to locate the intensities of
microcalcifications. Based on information theory, it maximizes
the information between tissue background and microcalcifi-

mas>§|mum |ntenS|tty tOf the |m?ge. : lcificati f tcations. The merit of using fuzzy set is its ability to handle
ince we want to separate microcalcifications from the ertainty and its robustness.

tissue background, the picture background is not interested an fter considering the intensity brightness, the local in-

can be ignored in this study. Mammographic images woul rmation is also used as the enhancement criterion. Local

Z?r\é\/;\/;ré C;r]et?;n(;{r'enn':::sqtouzfa'[rr?:ubrlzg;tdigz p;);elsH.eIrt]gsu ometrical information is employed to measure the nonuni-
Verage | 'y ISSUES. ' ity of the image. First, local variances are computed

mean value of the breast tissues is defined as follows by

where P, =¥ pi, P, = Z;zl pj, t is the value of the
threshold,% is the value of the mean intensity, ald is the

excluding these dark pixels 1 M2
| XX Pay = 37 77 ;gj (11)
B=r2s 2o 9 (4) o
o f Y| @)
Ty | = 95 — M,
where X and Y are the dimensions of the imagé€, is the ! MxM j=1 !

region having intensities larger than 100, is the number of

pixels in this region ang.., is the grey level at the coordinateswhere 4., is the local meang?, is the local variancex

z and y. and y are the coordinates of the current pixel, and is
An alternative approach to calculate the approximate meH¢ dimension of the window, ang; is the intensity. In

of an image is to find the grey level corresponding to the pe&kr experiments} is equal to five, which is related to the

of the histogram which represents the maximum number BrXimum size of microcalcifications.

occurrences. The experiments show that these two mean valueghe local variance occurrence function (i.e., the histogram

are quite close, and both can provide good measurement®bfocal variances) is then calculated

breast tissues. v

. Then, the entrqpies of the object and background distribu- h(q) = Z 8(fa2,] — q) (13)

tions can be defined as 7=0

t ‘ ‘ 1, t=0
Hy(t) =~ P, ijk . log. ijk X (5) 6(t) _{0, otherwise (14)
i=k 0 Tk t Sk
N ‘ ‘ where z and y are the coordinates of the locations where
H,(t) = — Z pi log, pi (6) the variances were computet, < z, y < M, andg is the
=1 1- P 1- P gray level,g =0, 1, ---, V. Experiments show that the local

) variance occurrence function contains nothing significance
where H,(t) stands for the entropy of background pixels anginen v is greater than 100.

H,(t) for the entropy of object pixels. _ The areas containing microcalcifications (i.e., ROI) are
~The maximum information of the background and objegfsally inhomogeneous and the variances of these areas would
distributions can be obtained by be larger than those of tissue background regions. Therefore, a
N threshold can be used to separate the microcalcifications from

t" = Argmax {Hy(¢) + H,(t)} (7)  the breast tissues according to nonuniformity. This threshold

t=k is found from the local variance occurrence function (13) and

wheret* is the optimal threshold. determined by the minimum error thresholding technique [30].
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The minimum error thresholding technique is derived under Substituting the parameters [from (17) to (23)] into the
a normal distribution. Yeet al. [31] suggested two ways to criterion J(7") (25), we can find
implement this technique. One is to minimize the criterion

function and the other is to search a threshold iteratively. In ou
experiments, we employ the minimization criterion function

[30] briefly explained as follows.

If we consider a normal distribution with mean, standard
derivationo;, anda priori probability P;, then the probability
density functionp(g) could be written as

c
plg) = Piplgli) (15)
i=1
L1 (g — pi)*

/(1) =1+ 2[P(T)log, o1(T) + P(T)log, oa(T)]
—2[P(T)log, PA(T) + P»(T)log, P»(T)]. (26)

By employing a fitting technique, the optimum threshdld

is found corresponding to the minimum value .BfT"). Then,

the nonuniformity factor; may be computed and transformed

to the interval [0, 1] by classifying the local variance occur-

rence function (13) to be background (uniformity) and object

(nonuniformity) shown as follows:

L/i:{

of/T,
1,

ifaiQST

otherwise 27)

where g is a grey level,C' is the number of classes, andyhere 7 is the optimum threshold determined in (25} is
p(gl) is the conditional probability density function. Our 0bype |ocal variance. andis the pixel index.

jective is to classify microcalcifications and tissue background,Combining (9) and (27), a new enhanced image is obtained:

therefore,C is equal to two.

By considering a two class problen®{ background and

g =7(g; b, ¢c) xv; x N (28)

C?2 object), a fitting technique can be applied to estimate the

parameters from the histogram as follows:

P(T) = h(g) (17)
g=0
v
B(T)= > h(g) (18)
g=T+1
m(T) =Y hlg)g / Pi(T) (19)
Lg=0
.
pa(T) = | > h(g)g] / Py(T) (20)
_g=T+1
ol (T) = | > (g m(T))*h(g) / Py(T) (21)
Lg=0
N
oo(T) = | > (9 p2T))*h(g) / P(T) (22
_g=T+1

whereT is an arbitrary gray level(g) is the probability of a
gray levelg, N is the maximum intensityP is the probability

where NV is the maximum intensity of an image.

In accordance with information theory, the maximum in-
formation about microcalcifications and tissue background is
obtained through the proposed image fuzzification procedure
based on the maximum fuzzy entropy principle. The nonuni-
formity is also considered as a factor of microcalcification
enhancement. Hence, microcalcifications are enhanced and the
suspicious areas are revealed by the nonuniformity of the
regions and the brightness.

B. Irrelevant Breast Structure Removal

Due to the variety of breast tissues, the irrelevant structures
of breasts need to be removed. Most of the irrelevant breast-
structures were found to exhibit line-like or curve-like patterns
after the microcalcification enhancement. A curve detector is,
therefore, employed to remove these irrelevant breast struc-
tures. The proposed curve-detection algorithm is a modified
version of the one in [32].

The following definitions are needed to facilitate our dis-
cussion about the proposed curve detector. dgtds, ---,
and dg be the absolute intensity differences between the
current pixel and its eight neighbors shown in Fig. 3. The

of the classy. is the mean, and is the variance of the class.proposed curve detector will trace four different directions,
Using the Bayes classifier, the classification error for twieamely, UP, DOWN, LEFT, and RIGHTDy p, Dpw, Dy,

classes would be

(g, T) = [M} + 2log, o4(T) — 2 log, Pi(T)

g;
(23)
L1
1= 27

Then, the minimum-error thresholding criterion would be

J(T) =min )y h(g) -e(g. T) (25)

where

g<T

g>T. (24)

where 7" is the optimum threshold.

and Dy represent the number of pixels followed along the
corresponding directions. The current pixel is considered to
be connected to its neighbors if at least one of the following
conditions is encountered:

UP: min(ds, d3, dy) < T
DOWN: min(dg, d7, dg) < T
LEFT: min(d4, ds, dg) < T
RIGHT: min(dy, da, ds) < T

whereT is the maximum allowed difference between a current
pixel and its connected neighbor pixels. In our stuffyis set
to five.
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Fig. 3. The direction indexes of each pixel. Fig. 4. Example of a microcalcification.
The neighbor pixel is connected with the current pixel if ki

the absolute value of the grey level difference is minimum.
Otherwise, the curve tracing is terminated on that direction.
In addition, the initial order of curve tracing is predefined to
ensure that the length and width are followed correctly. The
indexes UP (2, 3, and 4), DOWN (6, 7, and 8), LEFT (4, 5,
and 6), and RIGHT (2, 1, and 8) are denotedias, dg., di, $ R2
andd,., respectively. Only the enhanced pixels are considered

and all of the pixels are the initial pixels (Here, we can see the o _

parallel nature of the proposed approach which is not discus€&y 5 The direction indexes of each pixel.

in this paper.) The rules for initial tracing direction settings

are given as follows: on a curve if it satisfies one of the following two conditions:
if {(dup =3 anddgy, =7) or (dy, = 2 anddy,, = 8), Ry =Dyp+ Dpn
or (d,, = 4 anddg, = 6)} Ry =D + Dr
{di =5 dp = 15}, R:%
else{ if (d,, = 2), thend, = &; Condition 1: ;?m;(Tl’ 2)
. g 1
EduP - 3;’ tEendr =1 Condition 2: max(Ry, Ry) > T».
f (dup =4), thend, = 2;
if (dan = 6), thend; = 4; iy . : .
Condition 1 states that a curve is found if the ratio of the length
if (dan = 7), thend; = 5; and the width is greater thah . And, condition 2 demonstrates
if (dan =8), thend; = 6} that a curve is detected if the length or width is greater than

T5. In our study, we found that the breast-structure detector
would be optimal if7; was set to four and? is set to 20

when UP or DOWN does not have any connected naghbgqrough the experiments.
the default directions ot/ andd, are set to one and five, Thereafter, the irrelevant breast structures are removed by
respectively. the proposed curve detector. The proposed curve detector

The goal of the proposed curve detector is to remove theracts with both the enhanced image and the original image,
irrelevant curve-like breast structures but preserve the shapesther words, two images are utilized by the proposed curve
of microcalcifications such that high fidelity can be achievedetector. First, a pixel of an enhanced image is viewed as a
Generally, whether a pixel is considered as a microcalcificatigindidate pixel. The curve detector would trace its length and
or a curve-like pattern it can be determined by the ratio @fidth from the original image to determine whether a pixel
its tracing length and width. If the tracing length and widtlshould be preserved or removed. The advantages of interacting
are similar, then a microcalcification is found (see Fig. 4yyith the enhanced image and the original image exhibit the
otherwise, a curve-like pattern is declared (see Fig. 5) arebuction of search space and the use of high fidelity of the
should be deleted. Formally, a current pixel is declared to beginal data.
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C. Microcalcification Segmentation and Reconstruction 1 . . ‘ ‘

Microcalcification segmentation is performed based on the ///’/ FROC.dat =
result of image enhancement and irrelevant breast-structure
removal. An iterative threshold selection method [33] is em- o8} / 1
ployed to implement the segmentation process. This technique /
selects the threshold iteratively. First, the input image is /
averaged to find an initial thresholdj. This threshold is then 06 L /
used to segment the image, and the newly segmented image /
is represented as a new input image. The same procedure gan
then be repeated until the maximum number of iterations is
reached, or the change of threshold values Bbs(l;_1)) is
less tharx, a preset value. In our experiments, the maximum
number of iterations is equal to ten aads set to three. In
order to speed up the process, the pixels whose grey levels are %2 [ ]
less than 100 are not used to compute the average value.
Mathematical morphology is a powerful tool for image
shape analysis [34]. Binary morphological operators are em- o : ] ‘ : ‘ : s
ployed to reconstruct the shapes of the microcalcifications and 0 ! 2 Numbaer of FP Cftsters persimage 6 ! 8
to remove isolated pixels. The basic binary morphological
operators, reflection, dilation, and erosion, are defined &g & FROC curve of the proposed approach.
follows:
Reflection: the number of spots within a certain range. The spot-finding
A procedure needs to be applied. It will undelete a spot if a
B= {z|r =-b, for be B} (29) subregion has more than one pixel. Therefore, the grouped
Dilation: pixels can be recovered by comparing with the reconstructed
image and the segmented image. The subregion size is set to
N 15x 15 in our experiments. Other spots are considered to be
A® B = {z|(B),NA#0D}. (30) loose clusters which are usually benign disease.
Erosion:
IV. EXPERIMENTAL RESULTS
Ae B = {z|(B), C A}. (31)

In this study, 75 ROI images are employed to test the pro-

where A is an image and3 is a small image called structurePosed algorithm. The performance of the proposed approach is
element. In our experiments, ax2 square structure element€valuated by a free-response receiver operating characteristic
is employed. (FROC) [35] in terms of true-positive (TP) fraction for a
After defining these basic binary morphological operator§iven number of FP clusters per image. A cluster, in our
two important operators called opening and closing can B&Periment, is defined as a group of microcalcification pixels

described as follows: (>2 pixels) in an 15x 15 pixel box. Moreover, a TP cluster is a
Opening: detected cluster which has overlapped more than 50% with the
suspicious area identified by a radiologist. All other clusters
AoB= (AeB)®B. (32) are considered to be FP clusters. The detection accuracy of
Closing: the proposed algorithm is evaluated by a FROC curve shown

in Fig. 6. It reveals the tradeoff between TP fraction and
AeB= (A®B)oB. (33) the number of FP clusters per image using the proposed
approach. The FROC curve shows that the proposed method
Opening has an effect to smooth the contour and to eliminglgn archive a greater than 96% TP rate with the FP rate
thin protrusions of an image. Closing can fill small holegs tour clusters per image. However, FROC analysis suffers
and gaps in the contour of an image. The microcalcificatigmym its limitations [36]. For instance, it does not address the
reconstruction is performed by the combined operator callggmplexity of images. It is also a difficult task to transform
close-opening the subjective measurements (radiologist’s observations) to the
(Ae B)oB. (34) objective FRQC curve.
The following images are used to demonstrate the ro-
After performing morphological close-opening, the microbustness of the proposed approach. A dense mammogram is
calcifications will be reconstructed to make the holes igiven in Fig. 7(a). Its enhanced image and the image after
microcalcifications be filled, and the isolated pixels be exrelevant breast-structure removal are shown in Fig. 7(b) and
tinguished. However, opening operator may delete some sp@f respectively. The finally segmented result is given in
which are not isolated. These spots could be very importdfig. 7(d). The result shows that the microcalcifications are
since they may be used to determine some clusters basechohonly located and their main features (linear distribution
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(b)

(©) (d) © (d)

Fig. 7. (a) The original mammogram image, (b) enhanced image, (c) dfig. 9. (a) The original mammogram image, (b) enhanced image, (c) en-
hanced image after irrelevant breast-structure removal, and (d) final resultanced image after irrelevant breast-structure removal, and (d) final resulting
image. image.

Most of the clusters in the mammogram can be detected.
However, some of the clusters are almost invisible; it is
extremely difficult to distinguish them even for a radiologist.
An example of such mammograms is shown in Fig. 9(a).
Its enhanced image, resulting image after removal of irrel-
evant breast-structures and the finally segmented image are
shown in Fig. 9(b)—(d), respectively. Most of the clusters of
(b) the mammogram were successfully detected, however, some
clusters cannot be detected that cause false negative detection
as shown in Fig. 9(d). The reason for this error is that the
microcalcifications are superimposed on curve-like tissues and
are removed when the curve detector for removing irrelevant
breast structure is applied.

In clinical applications, patients have the breasts with vari-
ous densities. It is vital to detect microcalcifications in mam-
mograms with various densities. We have considered different
© d) kinds of mammograms encountered in clinical applications
. - . . and the experimental results reveal that microcalcifications
Fig. 8. (a) The original mammogram image, (b) enhanced image, (c) en- . . . .
hanced image after irrelevant breast-structure removal, and (d) final resulf(E detected effectively, and the sizes, shapes and intensities
image. of the microcalcification clusters are well preserved even
in very dense breast mammograms in most of the cases.

of microcalcifications) are also well preserved. It would bghe processing time for a 256256 ROI Image consumes
approximately 6 s on a SUN Ultra 1 workstation.

difficult to distinguish those microcalcifications from the orig-
inal image shown in Fig. 7(a). The results facilitate the further

processes such as categorizing the lesions into benign and
malignant. Another test mammogram is shown in Fig. 8(a). A novel approach using fuzzy logic to detecting microcal-

The mammogram contains a lot of dense tissues. Its enhanc#idations in digitized mammograms with various densities is

images is given in Fig. 8(b). As we can see, most of th@oposed. This approach consists of five major steps including
irrelevant breast structures are also enhanced with the mnage fuzzification, image enhancement, irrelevant breast-
crocalcifications. Nevertheless, the microcalcifications emerggucture removal, segmentation, and image reconstruction.
clearly after irrelevant breast-structure removal as shown Tine proposed approach is very efficient for locating mi-

Fig. 8(c). This figure demonstrates that the irrelevant breasbcalcifications in the mammograms of the breasts with
structures can be easily excluded but the microcalcificatiomarious densities, Since microcalcifications have some kinds
are well preserved. The finally segmented image [refer &b fuzziness, fuzzy set theory is preferable to ordinary methods
Fig. 8(d)] reveals that the microcalcifications are extractddr detecting microcalcifications. The key idea of the proposed
successfully even in the mammogram of very dense breasethod is to apply the fuzzified image to locate the ROI's and

V. CONCLUSIONS
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to interact with the original image to preserve the fidelity. Thg3] w. Spiesberger, “Mammogram inspection by computdEEE Trans.
advantages of the proposed approach are: 1) The microcial—
cifications are accurately detected even in mammograms
very dense breasts. 2) The irrelevant breast-structures can be 35, no. 8, pp. 1111-1118, 1990.
easily identified and removed. 3) The processing time is vel?!
fast since the major computation is for global thresholding. 4)
Some parameters can be adjusted in order to find out differé¢rd]
levels of TP and FP rates. It would facilitate the computer-

aided diagnosis. 5) The experimental results encourage thq

usage of the proposed approach for microcalcification detec-

tion and it provides a good platform for further processes su
as categorizing the lesions into benign and malignant. Furt

b

improvement of the proposed approach can be achieved by
using higher-resolution images [37], more powerful contra&t]
enhancement algorithm [38], neural networks, etc.
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