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Abstract—Studies reported in the literature indicate that [4]. Women with dense breasts are known to have afour to sixfold
breast cancer risk is associated with mammographic densities. An increase in breast cancer risk [1], [5], [6]. Cancers are detected at
objective, repeatable, and a quantitative measure of risk derived |5ter stages in dense breasts and mammographers recognize that

from mammographic densities will be of considerable use in " . . .
recommending alternative screening paradigms and/or preventive their diagnostic accuracy is lower in such women.

measures. However, image processing efforts toward this goal 1 he Wolfe classification was proposed many years ago to
seem to be sparse in the literature, and automatic and efficient identify groups of women at high risk for breast cancer [5].
methods do not seem to exist. In this paper, we describe and This scheme was widely used for many years, but has fallen
validate an automatic and reproducible method to segment dense into disuse because of several limitations. For example, interob-
tissue regions from fat within breasts from digitized mammograms  gqer yariability is a problem when the radiologists’ subjective
using scale-based fuzzy connectivity methods. Different measures . . .

for characterizing mammographic density are computed from the 2SS€SSment s used to classify the amount of density present [7].
segmented regions and their robustness in terms of their linear Second, the magnitude of the increased risk has varied widely in
correlation across two different projections—cranio-caudal and the published studies [3]. Third, identification of this risk factor
medio-lateral-oblique—are studied. The accuracy of the method for a given woman has not altered screening recommendations
is studied by Cok:"p“ting th%areah‘)f dmisrgatch of Segmelmedl,d.ense[G], [8]. Computer-assisted analysis of mammographic density
e usng 1 e o e LAl U i o an ojecive,cuantlae messur o ancer
taking into account the original intensities and that just consid- factor. This measure will be useful in total risk analysis in sev-

ering the segmented area indicates that the former may have some €ral ways. First, such risk analysis could influence the choice

advantages over the latter. of alternative screening paradigms such as intervals between
Index Terms—Fuzzy connectedness, glandular tissue, image Mammograms or use of other modalltle§ such as MRI. Second,
analysis, image segmentation, mammograms. this measure could be useful in selecting a group of women

for whom the risk-benefit ratio of a potentially toxic preven-
tive measure, such as tamoxifin, would be favorable [16], [17].
Third, this measure could be used to signal the need for more
N THE mid 1970s, studies by J. Wolfe [1], [2] suggested th@areful interpretation of a subset of mammograms. For example,
an association existed between mammographic parenchyheuible-reading might be indicated for mammograms above a
patterns and the risk of developing breast cancer. Since tregftain level of density.
there have been many studies looking at the relationship betweehmage processing efforts toward this goal seem to be sparse in
mammographic fibroglandular density (often referred to as jude literature, and automatic and efficient methods for generating
density) and the risk of developing breast cancer. Althoughtkis measure do not seem to exist. Batdal. [6] studied the
few studies reported no association of density with increaseglation between mammographic densities and breast cancer
risk, the majority of studies have found an association betwe#gk using both radiologist classification and computer-assisted
parenchymal patterns and breast cancer risk. A recent meta-ad@nsity measurement. The computer-assisted measurement was
ysis of all studies confirms that subjects with mammographi@sed oninteractive density thresholding using two user-selected
densities have an increased risk of breast cancer relative to thdgesholds. They observed statistically significant increases in
without densities. The risk increases with the density of the bre&seast cancer risk associated with increasing mammographic
density in both methods. Boom¢al.[18] developed and evalu-
ated a computerized method of calculating a breast density index
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They observed that all three methods vyielded statisticaliyr effective, robust performance. In our methods, they are ad-
significant reduction in densities from baseline to the 12-mdressed by a fuzzy relation among image elements called fuzzy
follow-up mammogram in women on the contraceptive regimeconnectedness [24], [25]. Such a general, sound, theoretic and
They found a high correlation between computer-based resuligorithmic framework for segmentation greatly facilitates the
and the results from the expert outlining method. letial.[21]  quick development of new segmentation applications, as we have
studied the ability of computer-extracted features, computddmonstrated for fuzzy connectedness in brain image analysis
over a region of interest selected from the central breast regiro]-[13], MRA [14], and craniofacial soft tissue display [15].
along with age, to identify women at risk. They found that a The scale-based method is briefly outlined below to the extent
computerized characterization of parenchymal patterns mayeded to follow our breast segmentation approach. The full
be associated with breast cancer risk. An automatic method etails of its theory are given in [25]. We will be dealing with
segmenting the parenchymal region of a mammogram using fifigb object regions in our segmentation method as described in
and second order gray-level histograms is presented in [22]. ASection II1. The first corresponds to the background region in
otherapproach s presented in [23] for determining the volumefe mammographic image and the second corresponds to the
non fatty tissues in mammograms. Recently a computer-assis§@éise region. In the description in the rest of this section, “object
user-interactive method to quantify mammographic density hﬁai;ion" refers to each of these regions.
been published [6], which concluded that quantitative C|aSSiﬁ'Throughout we denote the digitized mammographic image,
catio_n of den_sities allows for the deter_r_ningtion of more specifigterred to as a (2-Dyceneby C = (C, f), whereC denotes
gradients of risk than do Wolfe's classifications. ~ the pixel array, and(c) denotes the pixel value for any pixel

In this paper, we describe and validate an automatic apd- . gor any pixele € C, we think ofc as a pair(cy, c2)

reproducible method to quantify mammographic densities a resenting the two coordinates of the center. @he range of
study the accuracy of related parameters. In Section Il, a br'be s assumed to bEL, H], whereL andH are integers.

description of the principles of the scale-based fuzzy connectyya gefine afuzzy relation, calledfuzzy affinity on the pixel

edness method which forms the core of the proposed method iz, This is intended to be a local relation among pixels that

presented. In_ Section I, we describe h.OW different param_e'Fec{ﬁa nearby. The strength of this relation between any two pixels
are automatically selected for applying fuzzy connectivity 4 7in C, denoted by, (c, ), lies in [0, 1]. It consists of

on different regions. In Section IV, we discuss the resul{ ree components: a fuzzy adjacency componeatomponent

2:? valltdate the (;ngthoqt 1) liyt s(tjudylng I|rt\ear cgtrrglatéofns » based on object homogeneity, and a compopdxgised on ob-
ferent area and density refated parameters obtained Iro features. The idea is that whemndd are more adjacent,

set of mammograms across two prOJec_:t|ons and 2) by §tudy e more homogeneity of intensities, and are both very close to
the accuracy of the method by computing the area of mismaic

between the dense regions estimated by the new method antﬁl B gxpected object feature value, themdd have high affinity.

manual outlining. A comparison between the mammographf?:efghsecr)rﬁgﬁ%;:zﬁgsg?et?/ggéhEgr:gg?)lm\(gvrvyssi:;ﬁg?iﬁ;n_
density parameter taking into account the original intensiti€s 1 dep

and that just considering the segmented area is demonstraa%r@.s'ggglrﬁg fﬁ;g;h;ge:;urzi) (:r:gg g:]xreuljs '2%2;%2?2{22_0(1
Finally, we state our conclusions in Section V. u und ¢ dep W !

sities (or other features) of the pixels arourahd those around
are to some expected values of the intensities (or other features)
Il. SCALE-BASED FUZZY CONNECTEDNESSPRINCIPLES for the object under consideration. We Qenote the strengths of all
these three components (all of which lie[in 1]) by 1. (¢, d),
The concepts described here are applicabte-ttmensional 1.,,(c, d) andu,(c, d), respectively. We describe below the func-
(fuzzy) digital spaces; see [24] and [25] for details. Howevetional forms utilized for these components.
since our application deals with two-dimensional (2-D) images, Although the theory permits more general forms, in this
we confine ourselves only to the 2-D case. paper, we use the following functional form fqr,. For
Most real objects have a heterogeneous material compositiany pixel ¢, u.(c, ¢) = 1. Further, for any two pixels, d,
Further,imaging devices have inherentlimitationsincluding spas.(¢, d) = 1 if ¢ and d differ in exactly one coordinate by
tial, parametric, and temporal resolutions. In the acquired irone; otherwiseg:, (¢, d) = 0. The specification of both,, and
ages of objects, these introduce inaccuracies and artifacts sughrequires the notion of “object scale” at every pixeldn
as noise, blurring, and background variation. The artifacts tdhe idea behind this notion is that if we can roughly estimate
gether with material heterogeneity cause the object regionsthe size of the object structure locally at every pixel, then this
exhibit a gradation of intensity values in the image. Even if thaformation can be utilized to determine a neighborhood size
physical object is perfectly homogeneous and is made of exaalypundc andd for specifying;:,, andu in a way that is tuned
one material, its image will exhibit a graded composition withito the object and is independent of pixel-level variation due to
the object regions due to artifacts. In spite of the graded comsise. Theobject scale*(¢) in C at any pixelc in C denotes the
position, knowledgeable human observers usually do not hasize (radius) of the largest disc centered ttat lies entirely in
difficulties in perceiving object regions as an integrated wholéhe object region in whicla lies. Paradoxically, it appears that
That is, image elements in these regions seem to hang togett@nputing scale requires image segmentation. It is possible,
to form the object regions in spite of their gradation of valuebowever, to develop algorithms that give a rough estimate
These two notions—graded composition and hanging togethef-object scale at every pixel based on measuring intensity
ness—must be handled properly by any segmentation methminogeneity discontinuities and that do not require explicit
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image segmentation. We have demonstrated in [25] that thiso becomes small.) If there is a slow background component of
estimation is sufficient to give a good approximation of theariation, within the small neighborhood considered, this com-
scale and to make the fuzzy-connectedness-based segmentaiment is unlikely to cause a variation comparable to the inter-
very robust to noise and pixel-level variations. For now, webject component. This strategy leads us to the following func-
assume that(c) is known at anyc € C. In determining the tional form for i,
scale-based fuzzy affinity between any pixels! € C, two Dteed) — D(c d
digital discs, centered atandd, denotedB,. (c) and B.q(d), pole, d) =1— [DT(e,d) = D™ (¢, d)] )
both of radiusmin[r(c), r(d)], defined by > Go,minpr(e), iy (e —ell)
eCB.q(c)

()

Bea(c) ={e € C|lc — ef| < min[r(c), r(d)]} (1) Note thatl D (e, d) — D(e, d) he d local
_ o ote thatl Dt (¢, d) — D~ (¢, d)| represents the degree of loca
Bead) ={e € Cllld — el| < minfr(c), r(d)]} ) inhomogeneity of the regions containiagndd. Its value is low
where|| - || denotes the Euclidean distance, are utilized. ~ when bothc andd are inside an (homogeneous) object region.
For definingy.;, consider any two pixels, d € C such that Its value is high whem andd are in the vicinity of (or across) a
ta(c, d) > 0. Consider any pixels € B.q(c) ande’ € B.q(d) boundary. The denominator in (7) is a normalization factor.
such that they represent the corresponding pixels wikhirfc) For completing the specification @f,,, the values of three
andB.q(d); thatis,c— ¢ = d— ¢’. We will define two weighted parameters(c), m.;, ands,, need to be determined. The method
sumsD™(c, d) and D~ (¢, d) of the differences of intensities of estimating-(c) is independent of the type of object region to

between the two discs as follows. Let be segmented and will be described later in this section. The
e . e method of estimating:,, ando; is specific to the object region
52:1(67 )= {f(e) (), f(e) . 1) >0, (3) and will be explained in Sections lI-A and I11-B.
0, ptherW|se, For defining the object-feature-based affinify;, we first
5= (e, &) = f(e) = fle), if fle) = f(e') <0, @ compute scale-based filtered intensity value titat takes into
ed\& €)= 0, otherwise. account the dis®,.(c) defined by
Then Bu(c)={ecClllc—ell <r()}. ®)
DT(c,d)= Z [1 — Go, my+30, (65, (e, €))] The filtered intensity value at any< C'is given by
e€Beg(e)
e'CBCd((ld) , Z f(e)GO,r(c)(Hc - CH)
s.t.c—e=d—e e€B,(c)
- Go, minpr(e), vy (llc—ell) (5) fale) = o ©)
) oo > Goriolle—ell)
D (C, d) = Z [1 - Go,nlrgo+30"¢ (6(:(1(67 ¢ ))] eEBT(c)
eCB.q4(c
e’ceBCd((d)) Depending on whether the object of interest is darker or lighter,
s.t.c—e=d—e' we define the following function utilized in definingy

. GO, min[r(e), r(d)] (HC - CH) (6) i i
Object is darker:

where ;
1, if folc) <
“s.t.” “such that”; Wy(c) = { S (c). e (10)
Gm, o unnormalized Gaussian with meanand stan- Gy, a,(fa(c)), otherwise
dard deviationr; Object is lighter:
m.; andoy, expected mean and standard deviation of inten- Gy, o, (fal€)), If falc) <mg
si.ty diﬁgrgnces be_tween fall pairs of.adjacent W(c) = 1, otherwise. (11)
pixels within the object region, respectively;

e — ¢ represents the distance betwesande. In both casespn ando, represent the expected mean and stan-
We will describe in the next section how these parameters &@&d deviation of the intensities in the object region, respec-
estimated for breast images. tively. Finally, the following functional form is used for,:

The connection of the above equations to the homogeneity- 1 ife=d
based affinityy,, is as follows. There are two types of inten- cd) =< ) 12

Vi yp Ho(e; ) {min[W¢(c), Wy(d)], otherwise. (12)

sity variations surroundingandd—intraobject and interobject

variations. The intraobject component is generally random, apgr completing the specification of,, the values of three pa-
therefore, is likely to be near zero overall. The interobject corfameters-(c), m,, ande,, need to be determined. The method
ponent, however, has a direction. It either increases or decreagRsstimating (c) is presented below. The method of estimating
along the direction given by— d, and is likely to be larger than 1, , and o, is specific to the type of object region to be seg-
the intraobject variation. It is reasonable, therefore, to assumented and will be explained in Sections 1I-A and IlI-B. Fi-
that the smaller oD * (¢, d) and D~ (¢, d) represents the in- pally, the three components of affinity are combined as follows
traobject component and the other represents the combinedgfdefine the scale-based fuzzy affinity,

fect of the two components. (Note that when the value'pf

[respectivelys_,] are small,.D (¢, d) [respectivelyD~(c, d)] pr(e; d) = pale, d)y/1y(c, dpe(c, d). (13)
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We now describe an algorithm for estimating object scale at
every pixel. For a dis®;,(c) of any radiust [see (8)] centered
atc, we define a fractionF’Ox(c¢), that indicates the fraction of
the disc boundary occupied by a region in which the scene is
sufficiently homogeneous with, by

GO,mw+3ow (|f(c) - f(d)D

d€By(c)—By—1(c)
FO(c) EACEY:Ne] . (14)
Here, |Br(c) — Bx_1(c)| denotes the number of pixels in
By(c) — Br—1(c). We defineBy(c) to be simply the se{fc}.
The algorithm for object scale estimatio®§£) is summa-
rized below. The algorithm iteratively increases the disc radius
% by 1, starting from 1, and checks for the fraction of the obje€tg- 1. A typical mammographic intensity histogram.

FOy(c) containinge that is contained on the disc perimeter.
The first time when this fraction falls below a pre-selected, () = ,(o, ¢). That s, the value assigned to any pixel

thresholdt,, we consider that the disc enters into an objegh ¢, is the strength of connectedness ahdo. We generalize
region different from that to whiclr belongs. Following the thjs definition from a single pixel to a set of pixels¥ by setting

arguments in [25], we have used= 0.85: frx(¢) = max,cx{ux(z, )}. Thatis, in the fuzzy connec-
tivity sceneCc x = (C, fxx)of C withrespecttaX, any pixek
Algorithm — OSE is assigned a valugy x (c) that is the maximum of the strength of
Input:  C, ceC, my,0y, a fixed threshold ts-  connectivity ofcwith the elements ak . Connectivity scenes are
OUtF_’Ut r(c). whatare outputby the fuzzy connectedness algorithms[24], [25].
beg”t”' 1 Uponthresholding them, we get the segmented fuzzy objects.
se =1;

while  FO(c) > t, do

IIl. DENSITY QUANTIFICATION
set kL to k+1;

endwhile - Our method of mammographic density quantification consists

set r(c) to k; of the following steps: 1) segmentation of the breast region from

output  7(c); background; 2) segmentation of fat and dense regions within the
end breast; 3) estimation of the parameters representing quantified

density. These are described in separate subsections below.

The notion of pixel affinity captures the local hanging-togeth- ,
erness property of pixels. The notion of fuzzy connectedness Ex- Segmentation of Breast from Background
pands this into a global phenomenon as follows. Consider anyAt the very beginning, using 3DVIEWNIX [26] supported
two pixelsc andd (not necessarily nearby) @. (Note thatwhen live-wire [27] tools, regions corresponding to pectoral muscles
¢ andd are far apart, their affinity is zero.) Consider any pathre interactively excluded when those are projected on to the
(i.e., a sequence of nearby pixels) starting froend ending in  scene. This tool takes help from the operator in recognizing
d. We define a “strength of connectedness” of this path as simpifrere the pectoral muscles are in the image but does the de-
the smallest affinity (weakest link) along the path between a péimeation of their boundary automatically. In this fashion, sub-
of successive pixels in the path. Fuzzy connectedness is a glgbativity is minimized. In the entire process of density quan-
fuzzy relation, denoteds, on C. The strength of this relation tification, this is the only step requiring operator intervention,
betweerc andd (not necessarily nearby), denoteg (¢, d), is if pectoral muscles appear in the mammographic projection.
the largest of the strength of connectednesaligfossiblepaths Scale-based fuzzy connectivity is used for segmenting the breast
betweer: andd. A scale-based fuzzy connected objec€aif region from the background. Our approach will be to segment
strengthd, for any# € [0, 1], that contains a specified pixel the background region rather than the breast region. To do this,
in C' is a subse® of pixels of C. O is such that, for any two we need to 1) determine the values of the parametgrso,;,
pixelsc, din O, px (e, d) > 6, and for any pixek not in O, mgy, ando,, for the background and 2) specify a set of pixels in
pr(e, ) < 6. GivenC, o, 8 and a scale-based affinity relationthe background region. These are accomplished automatically
x, finding O requires the computation of the strength of coras described below.
nectedness of literally all possible paths between each pair oin this study, we have utilized 120 mammograms from 60 pa-
pixels in the set of all possible pairs of pixelsdh However, tients, each in two projections, MLO and CC. Studying all the
the theory leads to practically viable algorithms [24], [25] of fat 20 mammograms, we found that intensity histograms of mam-
less complexity that are based on dynamic programming. \Weograms always contain a prominent peak at low intensities,
make use of these algorithms in our application. and this mode corresponds to the background. A typical his-

For any scen€ = (C, f), any fuzzy affinityx, any pixel togram is shown in Fig. 1.The first prominent peak in the his-
o in C, we define thduzzy connectivity scemé C with respect togram is detected and the intensity, corresponding to this
to o to be the scenéx, = (C, fx,), where forany € C, peakisconsidered asthe mean background intensity. Observing
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(@) (b) (c)

Fig. 2. (a) An original mammographic scene of a patient’s breast at CC projection. (b) Scale-based fuzzy connectivity scene for the backgrgomehtér) Se
breast region. (d) Scale based fuzzy connectivity scene for the dense region.

(d)

that this part of the histogram is roughly symmetric abaiyt, lower half as the zone for the breast region. This zone, however,
the standard deviation of background intensitiess computed often includes high noise pixels and markers in the background
as the root-mean-squared distance of the intensitiesiftgras often used during mammography. To eliminate these pixels,
follows. Let k() represent the number of pixels in the mamthe leftmost one-pixel in the middle row in the thresholded
mographic scene with intensity(i.e., h(¢) is the height of the connectivity scene is chosen as the reference pixel and the
histogram at). Then,o is determined as follows: hard connected component containing this pixel is found as
the breast region. Fig. 2(c) shows the hard segmented breast
] ] region for the original mammogram of Fig. 2(a). This method

Z (& = mg)2h(i) has worked correctly and automatically in all studies we have
Lgismy (15) analyzed so far.

> k(i)
L<i<my

O’¢ =
B. Segmentation of Fat and Dense Regions

Our strategy here is to segment the dense region as a set of

In this application, since the object of interest (i.e., the marfuzzy connected objects. The segmentation operation is con-
mographic background) is darker, we use the functional form fified to the breast region. The fat region thus gets defined indi-
(10) for computing object-feature-based affinity. Instead of arctly as the complement of the dense region in the breast. For
operator painting pixels in the background region for traininghis segmentation, as in breast segmentation, we need to specify
the set of pixels inC satisfyingL < f(¢) < mg + 304 is  the values of parameters,,, 0., mq, andoy, for the dense re-
utilized for estimating the parameters,, ands,, for homo- gion as well as a few pixels as the starting information in the
geneity-based affinity.,,. m,, ando,, are taken to be simply dense region.
the mean and the standard deviation of intensity differences be©ur approach to computing the parameters will be as for the
tween all pairs of adjacent pixels in this set. segmentation of the breast region; to determine automatically a

During digitization, all mammograms were oriented so thaket of pixels that are definitely in the dense region and then to es-
the top—right and the bottom-right corners always lie in thémate the parameters from the intensity distribution within this
background. (This was standardized for both left and rigket of pixels. In this application, since the object of interest (i.e.,
breasts.) These two corner pixels are used to form the referetiee dense regions) is lighter, we use the functional form of (11)
setX for scale-based fuzzy connectedness processing. Fig. Z(iy)computing object-feature- based affinjty. To determine a
shows the connectivity scene obtained for the mammogramsat of pixels in the dense region, the largest intensity value MAX
CC projection shown in Fig. 2(a). As shown in Fig. 2(b), theris determined by ignoring the upper 0.1 percentile of intensity
is very good contrast between the background and the breaghe histogram of the breast region. Similarly, the smallest in-
region in this connectivity scene. We discard connectivitiensity value MIN is determined by ignoring the lower 0.1 per-
strengths greater than half the maximum strength and keep tieatile of intensity. We then select within the breast the set of
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Fig. 3. (a), (b) Threshold energy and connectivity strength distributions for the connectivity scene of Fig. 2(d). (c) Segmented dense regitomegiicg a
thresholding.

pixels having intensity not less than MIN 0.75(MAX-MIN )  strategy for connectivity scenes, building on the idea of homo-
for estimating the parameters. Specifically, we take the meganeity-based affinity described in the previous selection but as
and standard deviation of the intensities of the pixels in thégpplied to the connectivity scene.
set as the values o, and o,. Further, we take the mean To select the best threshold, the method minimizes an energy
and standard deviation of intensity differences between all paitsction computed by considering spatial arrangements of pixel
of adjacent pixels in this set as the valuesrof ando,,. Fi- intensities within each region and across regions. We emphasize
nally, the set of pixels in the breast region with intensity greatéirat the processing is now confined to the breast region. The
than MIN + 0.85(MAX-MIN ) is used as the set of referencéasic idea is as follows. Every threshold divides the scene into
pixels. Fig. 2(d) shows the scale-based fuzzy connectivity scema regions. A second order statistic, threshold energy, of local
obtained for the dense region for the original mammogram tlisagreements in the scene stemming from this partitioning is
Fig. 2(a). In the next section, we describe an automatic threshektimated and is used as a criterion for optimizing the threshold.
selection method that is applied to the fuzzy connectivity scef@reshold energy characterizes the goodness (rather, badness)
for the dense region for a segmentation of the breast region imtfoa particular threshold and is defined as follows. Eete-
dense and fatty regions. note the set of pixels in the segmented breast region. We de-
fine two fuzzy relationg andp, respectively calletikeliness of
belonging to the same objeahdlikeliness of belonging to dif-
ferent objectson the pixels inB. The strengths of both these re-
The connectivity scene is an image in which pixels hangirgtions between any two pixet&andd in B depend on 1) how far
together strongly with the reference pixels supposedly all beandd are; and on 2) how similar the intensity values (or other
long to the same object region [24]. It is usually easy to sefgatures) of the pixels in the circular neighborhood arouarce
ment the object region by thresholding the connectivity sceteethose around. As discussed in Section Il, the size of the cir-
even if the original scene is not amenable for thresholding. Thdalar neighborhoods arour@ndd depends on the object scales
property of fuzzy connectedness is demonstrated in [24] anéta: andd. In fact the criterion in 2) is the measure of homo-
guantitative validation is presented in [25]. In the past, in othgeneity-based affinity.,, betweern: andd. Two controlling pa-
applications utilizing fuzzy connectedness [10], [13]-[15], weameters (indicating expected object homogeneity) are required
have used fixed thresholds on connectivity scenes. In this apppdi-calculate the value gi,, as described earlier. These two pa-
cation, we found that fixing the connectedness threshold is mameters are estimated as the mean and the standard deviation of
always satisfactory, although each connectivity scene is still fatensity differences of all pairs of adjacent pixels in the region
more amenable to thresholding than the original. With this asth pixel intensities (connectedness values) falling in the upper
the motivation, we developed an automatic threshold selectibalf of the histogram of the connectivity scene. The strength of

C. Automatic Threshold Selection
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the fuzzy relation “likeliness of belonging to the same objectésting: TG, TG/TF, TG/AvF, TG/AB, AG, AG/AF, and AG/AB.
between two pixels, d € B, denoted:,(c, d), is then defined Linear correlations of each of these parameters across two dif-

as follows: ferent projections (CC and MLO) were tested for all 60 studies.
> ala, b) IV. RESULTS AND DISCUSSION
a,b s.t.
_ w(aﬂ»egw-(«@ The method has been tested in two ways: 1) by studying
pp(c, d) = pale, d) - (16) : : e
Z ftala, b) correlation of each density parameter computed from patients
@ bCB mammograms at two different projections and 2) by studying

the accuracy of the method in terms of the area of mismatch

The strength of the fuzzy relation “likeliness of belonging to difoetween dense regions segmented by the new method and by
ferent objects” between two pixets d € B, denoted.;(c, d), manual outlining. We chose the first experiment to validate our

is defined as follows method following the studies in [19] wherein the authors have
demonstrated a similarity of quantitative measures derived from
Z fia(a, b) mammographic images at different projections. In their study,
e be Do, interactive density thresholding by radiologist readers was used
pi(c, d) = pale, d) | 1— tp (@ D=y lend) . (17) todelineate mammographic dense regions. Further, we demon-
Z pa(a,b) strate that fixed thresholding is not a good choice for delineating
. beB mammographic dense regions. We also demonstrate, based on a

recently published automatic adaptive thresholding method, the
ged for a more sophisticated method than simple thresholding

Let f,(c, d, t) denote a predicate that takes a value 1 when t I address this problem.

pixelse, d belong to the same object at the threshiodahd zero
otherwise. Then the threshold eneilj{t) is determined as fol- ,
lows: A. Patient Mammograms

The method has been tested on 60 studies selected from our

E(t) = Z Fole, dy (e, d) + (1= fole, d, )us(c, d). database. Each study had two mammogr.ap'hlc projections—CC
and MLO. These mammograms were digitized on a Lumisys

(18) Scanner ataresolution of 100 microns. The population includes
30 normal studies as well as 14 studies with benign and 16 with

In words, E(t) expresses the level of concordance between t eahgnant masses and calcifications. Except for the exclusion of

; . . péctoral muscles in some cases, the entire method worked auto-
two regions resulting by applying the threshelw the connec- . : .
o ; : T matically on all mammograms wherein all parameters required
tivity scene. Finally, the threshold for whid(¢) is minimum . : I
L - . : by the algorithms were selected automatically. An additional 54
(indicating minimum concordance or maximum discordanc . :
) : . mmograms were processed for a different project—to assess
between the two regions) is selected as the optimum threshgld. : :
- . . ¢ effect of hormone therapy on breast density. The algorithms
For the fuzzy connectivity scene of Fig. 2(d), the distribution 0 roduced visually accentable seamentations in all 174 mammo
E(t) is shown in Fig. 3(a), while Fig. 3(b) shows the locatiof? y P 9

of the optimum threshold on the histogram of the connectivi rams. Fig. 4 dgmonstrates the results of application of the.pro—
. ‘ . osed automatic method on several mammograms. The linear
scene of Fig. 2(d). The segmented binary scene is shown

Iy
Fig. 3(c).

c,dCB

correlation coefficients for the parameters TG, TG/TF, TG/AvF,
TG/AB, AG, AG/AF, and AG/AB derived from the two sets of
projectionimages were 0.967,0.902,0.951, 0.944, 0.959, 0.915,
o and 0.941, respectively. The scatter plots andRhealues of
_From the original scene and the segmented fat and densedifarent parameters across the two different projections over 60
gions, the following parameters are computed. pairs of mammograms are shown in Fig. 5(a)—(g). In all these
TG: Total density within the breast region defined as thigures, the horizontal axis represents logarithmic value of t he
sum of intensities of pixels in the segmented dense regiasstimated parameter for each mammogram at the CC projec-
TF: Total fat within the breast region defined as the sunion while the vertical axis represents the same for the matching

D. Density Quantification

of intensities of pixels in the segmented fat region. mammogram at MLO projection. Although the scatter plots dis-
AB: Total area of breast defined as the number of pixels jflay logarithmic values, th&-values of linear correlation were
the segmented breast region. computed on actual values of the parameters. It may be pointed

AG: Total area of d.ensity within the breast region definedut the actual scatter in the log—log graphs appear less. How-
as the number of pixels in the segmented dense region.ever, the log-log graphs were used to present compact displays
AF: Total area of fat within the breast region defined as thfer large data ranges. The ranges of gradientgjaimiercepts of

number of pixels in the segmented fat region. the trend lines were 0.998 to 1.0095 an@.2893 to—0.0704,
AvF: Average pixel intensity within the fat area defined byespectively.
TF/AF. The high value of correlation coefficients indicates that our

The following parameters, some of which are derived from threethod of measurement is highly consistent between the two
above, which may be more meaningful, are actually used in quiojection images of the same patient. The highest correlation
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Fig. 4. Results of application of the proposed density segmentation method on several mammograms at CC and MLO projections. In each set,¢bhea@riginal s
the connectivity scene for the dense region and the segmented dense region are shown.
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Fig.5. (a)—(g) Scatter plots arittvalues of correlation studies for different quantitative parameters computed from mammograms at CC and MLO projections. In

each scatter plot, the horizontal axis indicates the logarithmic value of the parameter at CC projection while the vertical axis indicates e Ggprgedttion.

is obtained for TG. Generally the parameters that use area matgapes of its CC and MLO projections may be different from
surements yielded lower correlations. The argument behind teisch other. This may yield different area measures (AG, AF)
may be that unless the three-dimensional (3-D) shape of the although the total density may still be the same. To verify this
tual dense region in the breast is approximately spherical, tigpothesis, we selected among the 60 pairs of studies a subset of
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Fig.6. (a), (b) Scatter plots arfévalues of correlation studies of TG and AG F19- 8. (@) (b) chtter plots anﬂ{(—jvafllues of correlation studies fordthe
for a set of 20 studies with quite different shape at different projection. In eaPArameters TG ar;] AG corrputﬁ hro_m malmm_og_rar_ns at (r:]CIan l\élLO
scatter plot, the horizontal axis indicates the logarithmic value of the paramei&piections. In each scatter plot, the horizontal axis indicates the logarithmic

at CC project ion while the vertical axis indicates the same at MLO projectioti®'4€ of the parameter at CC projection while the vertical axis indicates the
same at MLO projection.

TABLE |
A LIST OF INTERACTIVELY AND ADAPTIVELY SELECTED THRESHOLDS
TO DELINEATE MAMMOGRAPHIC DENSITIES FOR30 MAMMOGRAMS.
FIRST COLUMN: INTERACTIVELY SELECTED THRESHOLDS BY AN EXPERT
MAMMOGRAPHER. SECOND COLUMN: ADAPTIVELY SELECTED THRESHOLDS
USING A RECENTLY PUBLISHED METHOD

Patient | Interactive | Adaptive || Patient | Interactive | Adaptive
number | threshold | threshold || number | threshold | threshold
1 1846 1225 16 2175 1636
2 2030 1274 | 17 2108 1458
3 2098 1544 18 1952 1332
4 1895 1222 19 2098 1407
5 2039 1493 20 1816 856
_ . 6 2060 1173 21 1860 1440
Fig. 7. An example of manual outlining. The border of the dense region i
shown bright. 7 2291 1625 22 1875 1286
8 2272 1528 23 1992 1365
20 pairs in which the shapes of projections of the same breast 9 2091 1171 24 2056 1400
CC and MLO appeared quite different. For this subset, we the 10 1965 1132 25 2168 1691
computed the_ correlation coefficients. The coefﬁment_s forTC 4 1789 1116 % 9974 1777
and AG for this subset were 0.898 and 0.68, respectively. Tt
: . : - 12 1857 1181 27 1827 1295
scatter plot for this experiment is shown in Fig. 6(a) and (b). T
estimate statistical significance of the difference of the correle 13 2228 2081 ) 28 2053 1568
tion coefficients for these two populations, we used the Fisher 14 2096 1943 29 1748 1401
Z-transformation test [31]. Thevalue was 0.036 245 showing 15 2997 1718 30 2004 1549

that the difference in the correlation coefficients is statistically
significant. However, the actual data were skewed and after re-

moving the stray observations thevalue rose 10 0.361 511 indi- ,\ ica| breast phantom with known volume of dense tissue
cating that the difference between the correlation coefficient Qi realistic shape and distribution is a research topic of its

TG and AG was not significant. The primary reason for this nog, ., ', this paper, we have used manual outlining of dense
significant d_|fference may be th_e high nonlinearity between ﬂ?@gions by an expert mammographer to provide a surrogate of
total length in 3'_D of the tissue mtercepted k_’y a beam of X-rqiis ryth, The outlining was performed using a computerized

and the outcoming energy. If this nonlinearity is corrected f‘?rreehand drawing tool on digitized mammograms as supported

with a knowledge of the length of interception, then we belie 3DVIEWNIX [26]. An example of manual outlining is pre-
that TG and related parameters will correspond more accura\tgghted in Fig. 7. The task of manual outlining is difficult, quite

to actual total density than the area-based parameters. ill-defined, and has its own limitations in terms of definition and
) , o inter and intraoperator variability. Additionally, we observed
B. Comparison with Manual Outlining that the correlation of the density parameters computed from

A major difficulty in validating a density quantification manual outlining is lower than that using the proposed method.
method is how to generate the truth. Creation of a realisfleventy five pairs of mammograms were randomly selected
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(d)
() ©) (M)

Fig. 9. lllustration of delineation of mammographic dense regions using different methods. (a), (e) Two original mammograms. (b), (f) Segreentgiben
from the mammograms in (a) and (e), respectively, using interactive thresholding. (c), (g), Same as (b), (f) but using the proposed methcam@p<Hh) ()
but using the an adaptive thresholding method.

from our data set of 60 pairs of mammograms. Dense regidesval of AM for manual segmentation at different time instants
in each mammogram were manually outlined by the sam@s|0, 22.81] and that for manual and the automatic method
expert and the parameters TG and AG were computed oveas[0, 18.14]. This shows that the disagreement of delineation
the delineated regions. The linear correlation coefficients fasing the proposed method with manual outlining is within the
TG and AG were 0.765 and 0.709, respectively. The scattange of variability of the latter method itself.
plots and thel?-values of these two parameters across the two )
projections over these 25 pairs of mammograms are showrGn Simple Thresholding
Fig. 8(a) and (b). To evaluate a fixed thresholding method, we randomly se-
While the correlation of different density parameters comected 30 mammograms from our database. A trained mammo-
puted by the proposed method is demonstrated in the previguspher interactively selected a threshold for each mammogram
section, the purpose of the experiment described here is to shgmnusing 3DVIEWNIX [26] to delineate th e dense regions. The
that the disagreement of the results produced by the automafiesholds for the 30 mammograms are listed in Table | and
method with those of manual outlining is within the limitainteractively segmented dense regions for two mammograms
tion range of the second method itself. Twenty five mammare shown in Fig. 9(b) and (f); the original mammograms are
grams were randomly selected from our data set of 120 maghown in Fig. 9(a) and (e), respectively. Corresponding seg-
mograms. Dense regions in each of these mammograms weksnted dense regions using the proposed method are presented
manually outlined by the same expert at two different time inn Fig. 9(c) and (g). In each of these two examples, segmented
stants (with a gap of two days). Also, the dense regions wetense regions using the proposed method are visually close to
segmented in each mammogram using the proposed methadse obtained interactively. High variability in the interactively
For any two segmentation methods and for each mammogramlected thresholds, as seen in Table |, suggests that fixed thresh-
a percent area mismatch measuté/, was computed. LeX"  olding is not possible in this application. Also, we tested a re-
andY” be two sets of pixels segmented as dense regions usingdbatly published adaptive thresholding method [30] on the same
two segmentation methods in a mammogram. Then percent aseaof 30 mammograms with the idea that a good agreement of
mismatchAM (X, Y') was computed asX EORY|/((|X|+ the adaptively selected thresholds with those selected interac-
|Y'])/2) x 100. Thus, for any two methods we obtained 25 diftively would suggest the usability of the method to automatically
ferent values fori M from 25 mammograms and calculated théelineate mammographic dense regions. We selected this partic-
mean}/ and standard deviatianof these 25 values. Finally, theular method as this is a recent method and the authors have com-
95% confidence interval was computed. The 95% confidence imared it with several other earlier methods and have established
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its superiority. Since the task is to segment the breast regioms selected among the 60 pairs of studies a subset of 20 pairs
into fatty and dense regions, all computations were confineditowhich the shapes of projections of the same breast in CC
the breast region only. The computed adaptive thresholds arel MLO appeared quite different and difference in the corre-
listed in Table | which shows that the adaptive thresholds are fation coefficients was statistically significant. However, when
from agreement with the corresponding interactively select#ie skewness of data was removed by removing stray observa-
thresholds. Moreover, we observed that the adaptive threshdigss, there was no significant difference in correlation coef-
are consistently lower than the interactive thresholds. A reasigients of purely area based parameters and those taking into
for this may be that the algorithm attempts to fit two Gaussia@@ecount actual mammographic intensities. The primary reason
distributions to the intensity histogram and has a tendencyhghind this disagreement may be the high nonlinearity between
uniformly divide the two regions in terms of their area. Thighe total length in 3-D of the tissue intercepted by a beam of
demonstrates that a sophisticated method, such as the one Yreay and the outcoming energy. Another hurdle in using inten-
sented in this paper, is needed for the automatic quantificatidify related parameters originates from the fact that the values
of densities in mammograms. of these parameters do not indicate the actual volume of dense
regions. This is because, actual intensities in mammograms are
dependent on different imaging parameters such as the energy
and the frequency of X-rays used, plate thickness, film charac-

A near automatic method for quantification of breast densitgristics and X-ray attenuation coefficients of different tissues
from digitized mammograms has been developed and testedbiglifferent patients. It will be useful in the future to resolve
87 pairs of patient mammograms. This method works autom#is problem of nonlinearity and to somehow normalize the total
ically except for the exclusion of projected pectoral musclegensity parameters such that they relate to the physical volume
It consists of the following steps: separation of the breast frod dense regions.
the background, creation of a fuzzy connectivity scene for the
den;e region, segmen.ting this connectivity scene us!ng an auto- ACKNOWLEDGMENT
matic threshold selection method, and then computing varlous_l_h h id lik hank Dr. L. T —
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