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Abstract—Studies reported in the literature indicate that
breast cancer risk is associated with mammographic densities. An
objective, repeatable, and a quantitative measure of risk derived
from mammographic densities will be of considerable use in
recommending alternative screening paradigms and/or preventive
measures. However, image processing efforts toward this goal
seem to be sparse in the literature, and automatic and efficient
methods do not seem to exist. In this paper, we describe and
validate an automatic and reproducible method to segment dense
tissue regions from fat within breasts from digitized mammograms
using scale-based fuzzy connectivity methods. Different measures
for characterizing mammographic density are computed from the
segmented regions and their robustness in terms of their linear
correlation across two different projections—cranio-caudal and
medio-lateral-oblique—are studied. The accuracy of the method
is studied by computing the area of mismatch of segmented dense
regions using the proposed method and using manual outlining.
A comparison between the mammographic density parameter
taking into account the original intensities and that just consid-
ering the segmented area indicates that the former may have some
advantages over the latter.

Index Terms—Fuzzy connectedness, glandular tissue, image
analysis, image segmentation, mammograms.

I. INTRODUCTION

I N THE mid 1970s, studies by J. Wolfe [1], [2] suggested that
an association existed between mammographic parenchymal

patterns and the risk of developing breast cancer. Since then
there have been many studies looking at the relationship between
mammographic fibroglandular density (often referred to as just
density) and the risk of developing breast cancer. Although a
few studies reported no association of density with increased
risk, the majority of studies have found an association between
parenchymal patterns and breast cancer risk. A recent meta-anal-
ysis of all studies confirms that subjects with mammographic
densities have an increased risk of breast cancer relative to those
withoutdensities.The risk increaseswith thedensityof thebreast
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[4].Women withdensebreastsare known tohave a four tosixfold
increase in breast cancer risk [1], [5], [6]. Cancers are detected at
later stages in dense breasts and mammographers recognize that
their diagnostic accuracy is lower in such women.

The Wolfe classification was proposed many years ago to
identify groups of women at high risk for breast cancer [5].
This scheme was widely used for many years, but has fallen
into disuse because of several limitations. For example, interob-
server variability is a problem when the radiologists’ subjective
assessment is used to classify the amount of density present [7].
Second, the magnitude of the increased risk has varied widely in
the published studies [3]. Third, identification of this risk factor
for a given woman has not altered screening recommendations
[6], [8]. Computer-assisted analysis of mammographic density
would provide an objective, quantitative measure of cancer risk
factor. This measure will be useful in total risk analysis in sev-
eral ways. First, such risk analysis could influence the choice
of alternative screening paradigms such as intervals between
mammograms or use of other modalities such as MRI. Second,
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
careful interpretation of a subset of mammograms. For example,
double-reading might be indicated for mammograms above a
certain level of density.

Image processing efforts toward this goal seem to be sparse in
the literature, and automatic and efficient methods for generating
this measure do not seem to exist. Boydet al. [6] studied the
relation between mammographic densities and breast cancer
risk using both radiologist classification and computer-assisted
density measurement. The computer-assisted measurement was
basedon interactivedensity thresholding using twouser-selected
thresholds. They observed statistically significant increases in
breast cancer risk associated with increasing mammographic
density in both methods. Booneet al.[18] developed and evalu-
ated a computerized method of calculating a breast density index
and compared this index with breast density index ranking pro-
vided by mammographers. Bynget al. [19] made a quantitative
symmetry analysis between mammograms of different breasts of
the same patient and between mammograms at different projec-
tions of the same breast via subjective classification, interactive
thresholding, regional skewness measurement, and texture
analysis. Ursinet al. [20] studied the change in mammographic
densities in women participating in a trial of a gonadotropin-re-
leasing hormone agonist (GnRHA)-based regimen for breast
cancer prevention using simultaneous evaluation, expert out-
lining, and nonexpert computer-based thresholding methods.

0278–0062/01$10.00 © 2001 IEEE



SAHA et al.: BREAST TISSUE DENSITY QUANTIFICATION VIA DIGITIZED MAMMOGRAMS 793

They observed that all three methods yielded statistically
significant reduction in densities from baseline to the 12-mo.
follow-up mammogram in women on the contraceptive regimen.
They found a high correlation between computer-based results
and the results from the expert outlining method. Huoet al.[21]
studied the ability of computer-extracted features, computed
over a region of interest selected from the central breast region,
along with age, to identify women at risk. They found that a
computerized characterization of parenchymal patterns may
be associated with breast cancer risk. An automatic method for
segmenting the parenchymal region of a mammogram using first
and second order gray-level histograms is presented in [22]. An-
other approach is presented in [23] for determining the volume of
non fatty tissues in mammograms. Recently a computer-assisted
user-interactive method to quantify mammographic density has
been published [6], which concluded that quantitative classifi-
cation of densities allows for the determination of more specific
gradients of risk than do Wolfe’s classifications.

In this paper, we describe and validate an automatic and
reproducible method to quantify mammographic densities and
study the accuracy of related parameters. In Section II, a brief
description of the principles of the scale-based fuzzy connect-
edness method which forms the core of the proposed method is
presented. In Section III, we describe how different parameters
are automatically selected for applying fuzzy connectivity
on different regions. In Section IV, we discuss the results
and validate the method 1) by studying linear correlations of
different area and density related parameters obtained from a
set of mammograms across two projections and 2) by studying
the accuracy of the method by computing the area of mismatch
between the dense regions estimated by the new method and by
manual outlining. A comparison between the mammographic
density parameter taking into account the original intensities
and that just considering the segmented area is demonstrated.
Finally, we state our conclusions in Section V.

II. SCALE-BASED FUZZY CONNECTEDNESSPRINCIPLES

The concepts described here are applicable to-dimensional
(fuzzy) digital spaces; see [24] and [25] for details. However,
since our application deals with two-dimensional (2-D) images,
we confine ourselves only to the 2-D case.

Most real objects have a heterogeneous material composition.
Further, imagingdeviceshave inherent limitations includingspa-
tial, parametric, and temporal resolutions. In the acquired im-
ages of objects, these introduce inaccuracies and artifacts such
as noise, blurring, and background variation. The artifacts to-
gether with material heterogeneity cause the object regions to
exhibit a gradation of intensity values in the image. Even if the
physical object is perfectly homogeneous and is made of exactly
one material, its image will exhibit a graded composition within
the object regions due to artifacts. In spite of the graded com-
position, knowledgeable human observers usually do not have
difficulties in perceiving object regions as an integrated whole.
That is, image elements in these regions seem to hang together
to form the object regions in spite of their gradation of values.
These two notions—graded composition and hanging together-
ness—must be handled properly by any segmentation method

for effective, robust performance. In our methods, they are ad-
dressed by a fuzzy relation among image elements called fuzzy
connectedness [24], [25]. Such a general, sound, theoretic and
algorithmic framework for segmentation greatly facilitates the
quick development ofnew segmentationapplications,aswehave
demonstrated for fuzzy connectedness in brain image analysis
[10]–[13], MRA [14], and craniofacial soft tissue display [15].

The scale-based method is briefly outlined below to the extent
needed to follow our breast segmentation approach. The full
details of its theory are given in [25]. We will be dealing with
two object regions in our segmentation method as described in
Section III. The first corresponds to the background region in
the mammographic image and the second corresponds to the
dense region. In the description in the rest of this section, “object
region” refers to each of these regions.

Throughout we denote the digitized mammographic image,
referred to as a (2-D)scene, by , where denotes
the pixel array, and denotes the pixel value for any pixel

. For any pixel , we think of as a pair
representing the two coordinates of the center of. The range of

is assumed to be , where and are integers.
We define a fuzzy relation, calledfuzzy affinity, on the pixel

array . This is intended to be a local relation among pixels that
are nearby. The strength of this relation between any two pixels

and in , denoted by , lies in . It consists of
three components: a fuzzy adjacency component, a component

based on object homogeneity, and a componentbased on ob-
ject features. The idea is that whenand are more adjacent,
have more homogeneity of intensities, and are both very close to
an expected object feature value, thenand have high affinity.
In other words, they hang together locally very strongly.de-
pends on how far and are. depends on how similar the in-
tensity values (or other features) of the pixels in a neighborhood
around are to those around. depends on how close the inten-
sities (or other features) of the pixels aroundand those around
are to some expected values of the intensities (or other features)
for the object under consideration. We denote the strengths of all
these three components (all of which lie in ) by ,

and , respectively.We describebelow the func-
tional forms utilized for these components.

Although the theory permits more general forms, in this
paper, we use the following functional form for . For
any pixel , 1. Further, for any two pixels ,

1 if and differ in exactly one coordinate by
one; otherwise 0. The specification of both and

requires the notion of “object scale” at every pixel in.
The idea behind this notion is that if we can roughly estimate
the size of the object structure locally at every pixel, then this
information can be utilized to determine a neighborhood size
around and for specifying and in a way that is tuned
to the object and is independent of pixel-level variation due to
noise. Theobject scale in at any pixel in denotes the
size (radius) of the largest disc centered atthat lies entirely in
the object region in which lies. Paradoxically, it appears that
computing scale requires image segmentation. It is possible,
however, to develop algorithms that give a rough estimate
of object scale at every pixel based on measuring intensity
homogeneity discontinuities and that do not require explicit
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image segmentation. We have demonstrated in [25] that this
estimation is sufficient to give a good approximation of the
scale and to make the fuzzy-connectedness-based segmentation
very robust to noise and pixel-level variations. For now, we
assume that is known at any . In determining the
scale-based fuzzy affinity between any pixels , two
digital discs, centered atand , denoted and ,
both of radius , defined by

(1)

(2)

where denotes the Euclidean distance, are utilized.
For defining , consider any two pixels such that

. Consider any pixels and
such that they represent the corresponding pixels within
and ; that is, . We will define two weighted
sums and of the differences of intensities
between the two discs as follows. Let

if ,

otherwise,
(3)

if ,

otherwise.
(4)

Then

(5)

(6)

where
“s.t.” “such that”;

unnormalized Gaussian with meanand stan-
dard deviation ;

and expected mean and standard deviation of inten-
sity differences between all pairs of adjacent
pixels within the object region, respectively;
represents the distance betweenand .

We will describe in the next section how these parameters are
estimated for breast images.

The connection of the above equations to the homogeneity-
based affinity is as follows. There are two types of inten-
sity variations surroundingand —intraobject and interobject
variations. The intraobject component is generally random, and
therefore, is likely to be near zero overall. The interobject com-
ponent, however, has a direction. It either increases or decreases
along the direction given by , and is likely to be larger than
the intraobject variation. It is reasonable, therefore, to assume
that the smaller of and represents the in-
traobject component and the other represents the combined ef-
fect of the two components. (Note that when the values of
[respectively, ] are small, [respectively, ]

also becomes small.) If there is a slow background component of
variation, within the small neighborhood considered, this com-
ponent is unlikely to cause a variation comparable to the inter-
object component. This strategy leads us to the following func-
tional form for

(7)

Note that represents the degree of local
inhomogeneity of the regions containingand . Its value is low
when both and are inside an (homogeneous) object region.
Its value is high when and are in the vicinity of (or across) a
boundary. The denominator in (7) is a normalization factor.

For completing the specification of , the values of three
parameters , and need to be determined. The method
of estimating is independent of the type of object region to
be segmented and will be described later in this section. The
method of estimating and is specific to the object region
and will be explained in Sections III-A and III-B.

For defining the object-feature-based affinity, , we first
compute scale-based filtered intensity value atthat takes into
account the disc defined by

(8)

The filtered intensity value at any is given by

(9)

Depending on whether the object of interest is darker or lighter,
we define the following function utilized in defining

Object is darker:

if

otherwise
(10)

Object is lighter:
if

otherwise.
(11)

In both cases, and represent the expected mean and stan-
dard deviation of the intensities in the object region, respec-
tively. Finally, the following functional form is used for :

if

otherwise.
(12)

For completing the specification of , the values of three pa-
rameters , and need to be determined. The method
of estimating is presented below. The method of estimating

and is specific to the type of object region to be seg-
mented and will be explained in Sections III-A and III-B. Fi-
nally, the three components of affinity are combined as follows
to define the scale-based fuzzy affinity,

(13)
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We now describe an algorithm for estimating object scale at
every pixel. For a disc of any radius [see (8)] centered
at , we define a fraction, , that indicates the fraction of
the disc boundary occupied by a region in which the scene is
sufficiently homogeneous with, by

(14)

Here, denotes the number of pixels in
. We define to be simply the set .

The algorithm for object scale estimation ( ) is summa-
rized below. The algorithm iteratively increases the disc radius

by 1, starting from 1, and checks for the fraction of the object
containing that is contained on the disc perimeter.

The first time when this fraction falls below a pre-selected
threshold , we consider that the disc enters into an object
region different from that to which belongs. Following the
arguments in [25], we have used 0.85:

Algorithm
Input: , , a fixed threshold .
Output: .
begin

set ;
while do

set to ;
endwhile ;
set to ;
output ;

end

The notion of pixel affinity captures the local hanging-togeth-
erness property of pixels. The notion of fuzzy connectedness ex-
pands this into a global phenomenon as follows. Consider any
two pixels and (not necessarily nearby) in. (Note that when

and are far apart, their affinity is zero.) Consider any path
(i.e., a sequence of nearby pixels) starting fromand ending in
. We define a “strength of connectedness” of this path as simply

the smallest affinity (weakest link) along the path between a pair
of successive pixels in the path. Fuzzy connectedness is a global
fuzzy relation, denoted , on . The strength of this relation
between and (not necessarily nearby), denoted , is
the largest of the strength of connectedness ofall possiblepaths
between and . A scale-based fuzzy connected object ofof
strength , for any , that contains a specified pixel
in is a subset of pixels of . is such that, for any two
pixels in , , and for any pixel not in ,

. Given , , and a scale-based affinity relation
, finding requires the computation of the strength of con-

nectedness of literally all possible paths between each pair of
pixels in the set of all possible pairs of pixels in. However,
the theory leads to practically viable algorithms [24], [25] of far
less complexity that are based on dynamic programming. We
make use of these algorithms in our application.

For any scene , any fuzzy affinity , any pixel
in , we define thefuzzy connectivity sceneof with respect

to to be the scene , where for any ,

Fig. 1. A typical mammographic intensity histogram.

. That is, the value assigned to any pixel
in is the strength of connectedness ofand . We generalize
this definition from a single pixel to a set of pixels by setting

. That is, in the fuzzy connec-
tivity scene of with respect to , any pixel
is assigned a value that is the maximum of the strength of
connectivity of with the elements of . Connectivity scenes are
whatareoutputby the fuzzyconnectednessalgorithms[24], [25].
Upon thresholding them, we get the segmented fuzzy objects.

III. D ENSITY QUANTIFICATION

Our method of mammographic density quantification consists
of the following steps: 1) segmentation of the breast region from
background; 2) segmentation of fat and dense regions within the
breast; 3) estimation of the parameters representing quantified
density. These are described in separate subsections below.

A. Segmentation of Breast from Background

At the very beginning, using 3DVIEWNIX [26] supported
live-wire [27] tools, regions corresponding to pectoral muscles
are interactively excluded when those are projected on to the
scene. This tool takes help from the operator in recognizing
where the pectoral muscles are in the image but does the de-
lineation of their boundary automatically. In this fashion, sub-
jectivity is minimized. In the entire process of density quan-
tification, this is the only step requiring operator intervention,
if pectoral muscles appear in the mammographic projection.
Scale-based fuzzy connectivity is used for segmenting the breast
region from the background. Our approach will be to segment
the background region rather than the breast region. To do this,
we need to 1) determine the values of the parameters, ,

, and for the background and 2) specify a set of pixels in
the background region. These are accomplished automatically
as described below.

In this study, we have utilized 120 mammograms from 60 pa-
tients, each in two projections, MLO and CC. Studying all the
120 mammograms, we found that intensity histograms of mam-
mograms always contain a prominent peak at low intensities,
and this mode corresponds to the background. A typical his-
togram is shown in Fig. 1.The first prominent peak in the his-
togram is detected and the intensity corresponding to this
peak is considered as the mean background intensity. Observing
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(a) (b) (c) (d)

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

that this part of the histogram is roughly symmetric about,
the standard deviation of background intensitiesis computed
as the root-mean-squared distance of the intensities fromas
follows. Let represent the number of pixels in the mam-
mographic scene with intensity(i.e., is the height of the
histogram at). Then, is determined as follows:

(15)

In this application, since the object of interest (i.e., the mam-
mographic background) is darker, we use the functional form of
(10) for computing object-feature-based affinity. Instead of an
operator painting pixels in the background region for training,
the set of pixels in satisfying is
utilized for estimating the parameters and for homo-
geneity-based affinity . and are taken to be simply
the mean and the standard deviation of intensity differences be-
tween all pairs of adjacent pixels in this set.

During digitization, all mammograms were oriented so that
the top–right and the bottom–right corners always lie in the
background. (This was standardized for both left and right
breasts.) These two corner pixels are used to form the reference
set for scale-based fuzzy connectedness processing. Fig. 2(b)
shows the connectivity scene obtained for the mammogram at
CC projection shown in Fig. 2(a). As shown in Fig. 2(b), there
is very good contrast between the background and the breast
region in this connectivity scene. We discard connectivity
strengths greater than half the maximum strength and keep the

lower half as the zone for the breast region. This zone, however,
often includes high noise pixels and markers in the background
often used during mammography. To eliminate these pixels,
the leftmost one-pixel in the middle row in the thresholded
connectivity scene is chosen as the reference pixel and the
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
has worked correctly and automatically in all studies we have
analyzed so far.

B. Segmentation of Fat and Dense Regions

Our strategy here is to segment the dense region as a set of
fuzzy connected objects. The segmentation operation is con-
fined to the breast region. The fat region thus gets defined indi-
rectly as the complement of the dense region in the breast. For
this segmentation, as in breast segmentation, we need to specify
the values of parameters , , , and for the dense re-
gion as well as a few pixels as the starting information in the
dense region.

Our approach to computing the parameters will be as for the
segmentation of the breast region; to determine automatically a
set of pixels that are definitely in the dense region and then to es-
timate the parameters from the intensity distribution within this
set of pixels. In this application, since the object of interest (i.e.,
the dense regions) is lighter, we use the functional form of (11)
for computing object-feature- based affinity. To determine a
set of pixels in the dense region, the largest intensity value MAX
is determined by ignoring the upper 0.1 percentile of intensity
in the histogram of the breast region. Similarly, the smallest in-
tensity value MIN is determined by ignoring the lower 0.1 per-
centile 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 region using automatic
thresholding.

pixels having intensity not less than MIN MAX–MIN
for estimating the parameters. Specifically, we take the mean
and standard deviation of the intensities of the pixels in this
set as the values of and . Further, we take the mean
and standard deviation of intensity differences between all pairs
of adjacent pixels in this set as the values of and . Fi-
nally, the set of pixels in the breast region with intensity greater
than MIN MAX–MIN is used as the set of reference
pixels. Fig. 2(d) shows the scale-based fuzzy connectivity scene
obtained for the dense region for the original mammogram in
Fig. 2(a). In the next section, we describe an automatic threshold
selection method that is applied to the fuzzy connectivity scene
for the dense region for a segmentation of the breast region into
dense and fatty regions.

C. Automatic Threshold Selection

The connectivity scene is an image in which pixels hanging
together strongly with the reference pixels supposedly all be-
long to the same object region [24]. It is usually easy to seg-
ment the object region by thresholding the connectivity scene
even if the original scene is not amenable for thresholding. This
property of fuzzy connectedness is demonstrated in [24] and a
quantitative validation is presented in [25]. In the past, in other
applications utilizing fuzzy connectedness [10], [13]–[15], we
have used fixed thresholds on connectivity scenes. In this appli-
cation, we found that fixing the connectedness threshold is not
always satisfactory, although each connectivity scene is still far
more amenable to thresholding than the original. With this as
the motivation, we developed an automatic threshold selection

strategy for connectivity scenes, building on the idea of homo-
geneity-based affinity described in the previous selection but as
applied to the connectivity scene.

To select the best threshold, the method minimizes an energy
function computed by considering spatial arrangements of pixel
intensities within each region and across regions. We emphasize
that the processing is now confined to the breast region. The
basic idea is as follows. Every threshold divides the scene into
two regions. A second order statistic, threshold energy, of local
disagreements in the scene stemming from this partitioning is
estimated and is used as a criterion for optimizing the threshold.
Threshold energy characterizes the goodness (rather, badness)
of a particular threshold and is defined as follows. Letde-
note the set of pixels in the segmented breast region. We de-
fine two fuzzy relations and , respectively calledlikeliness of
belonging to the same objectandlikeliness of belonging to dif-
ferent objects, on the pixels in . The strengths of both these re-
lations between any two pixelsand in depend on 1) how far

and are; and on 2) how similar the intensity values (or other
features) of the pixels in the circular neighborhood aroundare
to those around. As discussed in Section II, the size of the cir-
cular neighborhoods aroundand depends on the object scales
at and . In fact the criterion in 2) is the measure of homo-
geneity-based affinity between and . Two controlling pa-
rameters (indicating expected object homogeneity) are required
to calculate the value of as described earlier. These two pa-
rameters are estimated as the mean and the standard deviation of
intensity differences of all pairs of adjacent pixels in the region
with pixel intensities (connectedness values) falling in the upper
half of the histogram of the connectivity scene. The strength of
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the fuzzy relation “likeliness of belonging to the same object”
between two pixels , denoted , is then defined
as follows:

(16)

The strength of the fuzzy relation “likeliness of belonging to dif-
ferent objects” between two pixels , denoted ,
is defined as follows

(17)

Let denote a predicate that takes a value 1 when the
pixels belong to the same object at the thresholdand zero
otherwise. Then the threshold energy is determined as fol-
lows:

(18)

In words, expresses the level of concordance between the
two regions resulting by applying the thresholdto the connec-
tivity scene. Finally, the threshold for which is minimum
(indicating minimum concordance or maximum discordance
between the two regions) is selected as the optimum threshold.
For the fuzzy connectivity scene of Fig. 2(d), the distribution of

is shown in Fig. 3(a), while Fig. 3(b) shows the location
of the optimum threshold on the histogram of the connectivity
scene of Fig. 2(d). The segmented binary scene is shown in
Fig. 3(c).

D. Density Quantification

From the original scene and the segmented fat and dense re-
gions, the following parameters are computed.

TG: Total density within the breast region defined as the
sum of intensities of pixels in the segmented dense region.
TF: Total fat within the breast region defined as the sum
of intensities of pixels in the segmented fat region.
AB: Total area of breast defined as the number of pixels in
the segmented breast region.
AG: Total area of density within the breast region defined
as the number of pixels in the segmented dense region.
AF: Total area of fat within the breast region defined as the
number of pixels in the segmented fat region.
AvF: Average pixel intensity within the fat area defined by
TF/AF.

The following parameters, some of which are derived from the
above, which may be more meaningful, are actually used in our

testing: TG, TG/TF, TG/AvF, TG/AB, AG, AG/AF, and AG/AB.
Linear correlations of each of these parameters across two dif-
ferent projections (CC and MLO) were tested for all 60 studies.

IV. RESULTS AND DISCUSSION

The method has been tested in two ways: 1) by studying
correlation of each density parameter computed from patients’
mammograms at two different projections and 2) by studying
the accuracy of the method in terms of the area of mismatch
between dense regions segmented by the new method and by
manual outlining. We chose the first experiment to validate our
method following the studies in [19] wherein the authors have
demonstrated a similarity of quantitative measures derived from
mammographic images at different projections. In their study,
interactive density thresholding by radiologist readers was used
to delineate mammographic dense regions. Further, we demon-
strate that fixed thresholding is not a good choice for delineating
mammographic dense regions. We also demonstrate, based on a
recently published automatic adaptive thresholding method, the
need for a more sophisticated method than simple thresholding
to address this problem.

A. Patient Mammograms

The method has been tested on 60 studies selected from our
database. Each study had two mammographic projections—CC
and MLO. These mammograms were digitized on a Lumisys
scanner at a resolution of 100 microns. The population includes
30 normal studies as well as 14 studies with benign and 16 with
malignant masses and calcifications. Except for the exclusion of
pectoral muscles in some cases, the entire method worked auto-
matically on all mammograms wherein all parameters required
by the algorithms were selected automatically. An additional 54
mammograms were processed for a different project—to assess
the effect of hormone therapy on breast density. The algorithms
produced visually acceptable segmentations in all 174 mammo-
grams. Fig. 4 demonstrates the results of application of the pro-
posed automatic method on several mammograms. The linear
correlation coefficients for the parameters TG, TG/TF, TG/AvF,
TG/AB, AG, AG/AF, and AG/AB derived from the two sets of
projection images were 0.967, 0.902, 0.951, 0.944, 0.959, 0.915,
and 0.941, respectively. The scatter plots and the-values of
different parameters across the two different projections over 60
pairs of mammograms are shown in Fig. 5(a)–(g). In all these
figures, the horizontal axis represents logarithmic value of t he
estimated parameter for each mammogram at the CC projec-
tion while the vertical axis represents the same for the matching
mammogram at MLO projection. Although the scatter plots dis-
play logarithmic values, the -values of linear correlation were
computed on actual values of the parameters. It may be pointed
out the actual scatter in the log–log graphs appear less. How-
ever, the log–log graphs were used to present compact displays
for large data ranges. The ranges of gradients and-intercepts of
the trend lines were 0.998 to 1.0095 and0.2893 to 0.0704,
respectively.

The high value of correlation coefficients indicates that our
method of measurement is highly consistent between the two
projection 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, the original scene,
the connectivity scene for the dense region and the segmented dense region are shown.

Fig. 5. (a)–(g) Scatter plots andR-values 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 the same atMLO projection.

is obtained for TG. Generally the parameters that use area mea-
surements yielded lower correlations. The argument behind this
may be that unless the three-dimensional (3-D) shape of the ac-
tual dense region in the breast is approximately spherical, the

shapes of its CC and MLO projections may be different from
each other. This may yield different area measures (AG, AF)
although the total density may still be the same. To verify this
hypothesis, we selected among the 60 pairs of studies a subset of
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(a) (b)

Fig. 6. (a), (b) Scatter plots andR-values of correlation studies of TG and AG
for a set of 20 studies with quite different shape at different projection. In each
scatter plot, the horizontal axis indicates the logarithmic value of the parameter
at CC project ion while the vertical axis indicates the same at MLO projection.

Fig. 7. An example of manual outlining. The border of the dense region is
shown bright.

20 pairs in which the shapes of projections of the same breast in
CC and MLO appeared quite different. For this subset, we then
computed the correlation coefficients. The coefficients for TG
and AG for this subset were 0.898 and 0.68, respectively. The
scatter plot for this experiment is shown in Fig. 6(a) and (b). To
estimate statistical significance of the difference of the correla-
tion coefficients for these two populations, we used the Fisher’s

-transformation test [31]. The-value was 0.036 245 showing
that the difference in the correlation coefficients is statistically
significant. However, the actual data were skewed and after re-
moving the stray observations the-value rose to 0.361 511 indi-
cating that the difference between the correlation coefficient of
TG and AG was not significant. The primary reason for this non
significant difference may be the high nonlinearity between the
total length in 3-D of the tissue intercepted by a beam of X-ray
and the outcoming energy. If this nonlinearity is corrected for
with a knowledge of the length of interception, then we believe
that TG and related parameters will correspond more accurately
to actual total density than the area-based parameters.

B. Comparison with Manual Outlining

A major difficulty in validating a density quantification
method is how to generate the truth. Creation of a realistic

(a) (b)

Fig. 8. (a) (b) Scatter plots andR-values of correlation studies for the
parameters TG and AG 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 the
same at MLO projection.

TABLE I
A LIST OF INTERACTIVELY AND ADAPTIVELY SELECTED THRESHOLDS

TO DELINEATE MAMMOGRAPHIC DENSITIES FOR30 MAMMOGRAMS.
FIRST COLUMN: INTERACTIVELY SELECTED THRESHOLDS BY ANEXPERT

MAMMOGRAPHER. SECOND COLUMN: ADAPTIVELY SELECTED THRESHOLDS

USING A RECENTLY PUBLISHED METHOD

physical breast phantom with known volume of dense tissue
with realistic shape and distribution is a research topic of its
own. In this paper, we have used manual outlining of dense
regions by an expert mammographer to provide a surrogate of
this truth. The outlining was performed using a computerized
freehand drawing tool on digitized mammograms as supported
by 3DVIEWNIX [26]. An example of manual outlining is pre-
sented in Fig. 7. The task of manual outlining is difficult, quite
ill-defined, and has its own limitations in terms of definition and
inter and intraoperator variability. Additionally, we observed
that the correlation of the density parameters computed from
manual outlining is lower than that using the proposed method.
Twenty five pairs of mammograms were randomly selected
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 9. Illustration of delineation of mammographic dense regions using different methods. (a), (e) Two original mammograms. (b), (f) Segmented dense regions
from the mammograms in (a) and (e), respectively, using interactive thresholding. (c), (g), Same as (b), (f) but using the proposed method. (d), (h), Same as (b), (f)
but using the an adaptive thresholding method.

from our data set of 60 pairs of mammograms. Dense regions
in each mammogram were manually outlined by the same
expert and the parameters TG and AG were computed over
the delineated regions. The linear correlation coefficients for
TG and AG were 0.765 and 0.709, respectively. The scatter
plots and the -values of these two parameters across the two
projections over these 25 pairs of mammograms are shown in
Fig. 8(a) and (b).

While the correlation of different density parameters com-
puted by the proposed method is demonstrated in the previous
section, the purpose of the experiment described here is to show
that the disagreement of the results produced by the automatic
method with those of manual outlining is within the limita-
tion range of the second method itself. Twenty five mammo-
grams were randomly selected from our data set of 120 mam-
mograms. Dense regions in each of these mammograms were
manually outlined by the same expert at two different time in-
stants (with a gap of two days). Also, the dense regions were
segmented in each mammogram using the proposed method.
For any two segmentation methods and for each mammogram,
a percent area mismatch measure, , was computed. Let
and be two sets of pixels segmented as dense regions using the
two segmentation methods in a mammogram. Then percent area
mismatch was computed as

. Thus, for any two methods we obtained 25 dif-
ferent values for from 25 mammograms and calculated the
mean and standard deviationof these 25 values. Finally, the
95% confidence interval was computed. The 95% confidence in-

terval of for manual segmentation at different time instants
was and that for manual and the automatic method
was . This shows that the disagreement of delineation
using the proposed method with manual outlining is within the
range of variability of the latter method itself.

C. Simple Thresholding

To evaluate a fixed thresholding method, we randomly se-
lected 30 mammograms from our database. A trained mammo-
grapher interactively selected a threshold for each mammogram
by using 3DVIEWNIX [26] to delineate th e dense regions. The
thresholds for the 30 mammograms are listed in Table I and
interactively segmented dense regions for two mammograms
are shown in Fig. 9(b) and (f); the original mammograms are
shown in Fig. 9(a) and (e), respectively. Corresponding seg-
mented dense regions using the proposed method are presented
in Fig. 9(c) and (g). In each of these two examples, segmented
dense regions using the proposed method are visually close to
those obtained interactively. High variability in the interactively
selected thresholds, as seen in Table I, suggests that fixed thresh-
olding is not possible in this application. Also, we tested a re-
cently published adaptive thresholding method [30] on the same
set of 30 mammograms with the idea that a good agreement of
the adaptively selected thresholds with those selected interac-
tively would suggest the usability of the method to automatically
delineate mammographic dense regions. We selected this partic-
ular method as this is a recent method and the authors have com-
pared it with several other earlier methods and have established
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its superiority. Since the task is to segment the breast regions
into fatty and dense regions, all computations were confined to
the breast region only. The computed adaptive thresholds are
listed in Table I which shows that the adaptive thresholds are far
from agreement with the corresponding interactively selected
thresholds. Moreover, we observed that the adaptive thresholds
are consistently lower than the interactive thresholds. A reason
for this may be that the algorithm attempts to fit two Gaussian
distributions to the intensity histogram and has a tendency to
uniformly divide the two regions in terms of their area. This
demonstrates that a sophisticated method, such as the one pre-
sented in this paper, is needed for the automatic quantification
of densities in mammograms.

V. CONCLUSION

A near automatic method for quantification of breast density
from digitized mammograms has been developed and tested on
87 pairs of patient mammograms. This method works automat-
ically except for the exclusion of projected pectoral muscles.
It consists of the following steps: separation of the breast from
the background, creation of a fuzzy connectivity scene for the
dense region, segmenting this connectivity scene using an auto-
matic threshold selection method, and then computing various
parameters that characterize total breast density. A set of density
and area related parameters has been proposed and their preci-
sion in terms of their linear correlation across two different pro-
jections has been studied. The scale-based fuzzy connectivity
method has been found to be very robust and effective in seg-
menting the mammographic images. Amount of density is con-
sidered to be one of the strongest risk factors for breast cancer.
Automatic, repeatable, and consistent breast density quantifi-
cation from digitized mammograms is practical using the pro-
posed method. The correctness of the proposed density quan-
tification method has been studied in two ways—1) showing
high -values of linear correlation between the two projections
(CC, MLO) of the various parameters computed over segmented
dense and fatty regions and 2) demonstrating the agreement be-
tween delineations using the proposed method and using manual
outlining to be within the range of variability of the second
method. The method removes the subjectivity inherent in inter-
active threshold selection techniques currently used. By com-
paring with a recently published adaptive thresholding method,
we have demonstrated the failure of such simpler techniques and
the need for more sophisticated strategies to automatically and
routinely segment dense regions. The ability of the computed
density parameters in evaluating risk is currently being investi-
gated at our institution.

A comparison between the mammographic density parameter
taking into account the original intensities and that considering
just the segmented area has been carried out. The motivations
behind this consideration was that unless the 3-D shape of the
actual dense region in the breast is approximately spherical, the
shapes of its CC and MLO projections may be quite different
from each other while intensity based parameters would better
capture the thickness and volume of the dense region using in-
tensity information. For 60 pairs of mammograms at CC and
MLO projections, generally the parameters that use area mea-
surements yielded lower correlations. To verify this argument,

we selected among the 60 pairs of studies a subset of 20 pairs
in which the shapes of projections of the same breast in CC
and MLO appeared quite different and difference in the corre-
lation coefficients was statistically significant. However, when
the skewness of data was removed by removing stray observa-
tions, there was no significant difference in correlation coef-
ficients of purely area based parameters and those taking into
account actual mammographic intensities. The primary reason
behind this disagreement may be the high nonlinearity between
the total length in 3-D of the tissue intercepted by a beam of
X-ray and the outcoming energy. Another hurdle in using inten-
sity related parameters originates from the fact that the values
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-
teristics and X-ray attenuation coefficients of different tissues
of different patients. It will be useful in the future to resolve
this problem of nonlinearity and to somehow normalize the total
density parameters such that they relate to the physical volume
of dense regions.
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