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Abstract: Mammography 1s a not mvasive diagnostic technique widely used for an early detection of breast
cancer. Unfortunately, mammographic image analysis is a complex and difficult task which requires the services
of specialized radiologists. In fact, the intrinsic difficulty in detecting signs of cancer makes image study
particularly tiring, especially in mass screening that recuires radiologists to examine a high number of
mammograms. Therefore, the risk that radiologists may miss some subtle abnormalities exists especially when
microcalcifications are present. The difficulty in microcalcification detection is due both to their small size and
to low contrast between microcalcifications and surrounding tissues especially in raw images. The high
correlation between the appearance of microcalcification clusters and the presence of cancer shows that
Computer Aided Detection systems of microcalcifications are extremely useful and helpful in an early detection
of breast cancer. In this paper, a three stage method for microcalcification computer aided detection and
localization 1s indicated. In the first stage, standard methods are used for background removing and for tissue
enhancement, in the second stage, wavelet filters are adopted for true microcalcification recognition, while in
the third section, clusters are localized for subsequent diagnosis. Tests performed on standard database have

confirmed the approach effectiveness and the method high accuracy.
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INTRODUCTION

Microcalcifications are considered as early signs of
breast cancer which 1s a leading cause of mortality among
women. They are tiny calcium deposits accumulated in
breast tissue that appear in mammograms as small bright
spots embedded within an mhomogeneous background
[1]. The size, shape, density, distribution pattern and
mumber of microcalcifications are analyzed in the
benign and malignant classification phase [2]. Benign
microcalcifications typically have a diameter of 1 - 4 mm
and are coarse, round or oval and uniform in size and
shape. Therr distnibution pattern 1s scattered or diffuse.
Malignant microcalcifications generally have a diameter of
less than 0.5mm and are fine, linear branching, stellate
modeled and varying n size and shape [3]. Generally, their
distribution pattern 15 clustered with a number of
microcalcifications usually more than 3.

Computer aided analysis could be extremely useful
for radiologists to improve both diagnosis sensitivity
(i.e. accuracy in recognizing all malignant pathologies)
and specificity (i.e. possibility of classifying benign
pathologies as malignant). Therefore, the development of
adequate computational tools that are able both to focus

the physician attention on suspect image regions and
provide quantitative image descriptions, 1s very importarnt
for cancer detection at an early stage.

Although Computer Aided Detection (CAD) systems
for mammographic images have been studied over the last
two decades, automated microcalcification detection and
interpretation still remains very difficult. The fundamental
problems are [4, 5].

¢ Small dimensions of the objects of interest which can
lead to potential misidentification;

¢ Different shapes
distributions of microcalcifications to detect;

*» Low contrast between microcalcifications and
surrounding tissues in raw images;

»  Presence of high-dense breast tissues for fibro-
glandular tissue predommance such as mammograms
of young women which make the distinction between

sizes, various and variable

normal glandular tissues and malignant disease,
difficult. Tn fact, in a breast that is particularly dense,
mammography sensitivity for early malignancy
detection is reduced as a result of the effort required
in locating cancer within an opaque, uniform
background.
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To deal with these problems, it is very important for
CAD systems to suppress noise, to enhance contrast
between region of interest and background, to extract and
microcalcification  features to

select and hence,

detect/classify microcalcifications more accurately.
Many approaches for enhancement of microcalcification

clusters have been adopted such as global and local

thresholding  methods,  histogram  equalization,
mathematical morphology transformations, statistic
methods, wavelet transformations, neural networks,

stochastic models, fractal models, ligh-order statistic
methods, fuzzy logic approaches, etc. [6-17].

All the methods mentioned above are characterized
by various problems such as the selection of regions of
interest ingide the mammogram and the manual calibration
of certain parameters for the procedure test which could
cause an increase in false negative/positive detections.

In this paper an efficient procedure for the automatic
detection/localization of microcalcification clusters in
mammograms with various densities is presented.
The proposed algorithm consists of three phases:
preprocessing, feature extraction and classification
phases.  Adopting this tool, all  suspicious
microcalcifications are enhanced and background noise
reduced by applying point processing operators
according to mmage statistical parameters (1.e. mean gray
level pixel value and standard deviation). Moreover, for
microcaleification localization, the image under test 1s
decomposed adopting wavelet filters
decomposition level 1s processed using a hard threshold

techmique.

and each

Wavelet Approach: From an image-processing pomt of
view, microcalcifications are relatively high-frequency
components embedded both m the background of low-
frequency components and in noise signals characterized
by high frequency detail. With the aim of extracting
microcalcifications from background and noise, the
wavelet technique can be adopted. In fact, both the
property of time-frequency localization (which allows us
to obtain a signal at a particular time and frequency or to
extract features at various locations in space) and the
multirate filtering option (which permits the differentiation
of signals with different frequencies) make the wavelet
transform an effective tool 1 image processing analysis.
Tt decomposes the mammographic image into several
components with various scales or resolutions. Therefore,
it can identify useful information for microcalcification
detection and discard signal bands which provide scant
contribution to the study [5]. Since wavelet functions are
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compact, wavelet coefficients only measure the variations
around a small region of data array. This property makes
wavelet analysis very useful for image or signal
processing [18, 19]; the "localized" nature of wavelet
transform allows to easily pick out features in analyzed
data such as spikes (1.e. noise or discontinuities), discrete
objects (for instance in medical images or satellite
photos), edges of objects, Moreover,
at one location are not affected by
coefficients at other locations in data under test. This

etc. wavelet

coelficients

malkes 1t possible to remove "noise" of all different scales
from a signal, simply by discarding the lowest wavelet
coefficients.
There
decompositions:

are essentially two types of wavelet
the
continuous wavelet transform) and the nonredundant

(orthogonal, semi-orthogonal, or biorthogonal

redundant  ones  (generally
ones
wavelet bases) [20]. The first type 1s preferable for feature
extraction because it provides a description that s truly
shift-invariant. The latter type is better for data reduction
or when orthogonality of representation 1s an mmportant

factor.

Implemented Detection System: The procedure aim is the
development of a tool for automatic detection of
microcalcification cluster m mammograms with various
tissue density, reducing false positive and false negative
rates.

The first algorithm step is the preprocessing phase
whose purpose 1s the contrast enhancement of suspicious
mammographic mmages, removing both background
information and non pathological breast tissue. Therefore,
the method starts by separating mammary tissue from
non-mammary tissue regions inside the image under test
(Figure 1). To reject areas that do not contain tissue
pixels, the mammographic image is subdivided into 16x 16
pixel windows and is segmented [21, 22]. The chosen
window dimension 18 a compromise between the detection
rate and processing time parameters. Windows containing
only background pixels are excluded from further analysis.
The obtained image is analyzed applying point processing
operators such as hard thresholding and full scale
histogram stretch (Figure 2).

In the step, called feature extraction
phase, suspicious detected for true
microcalcification identification. As the mammographic

second
zZomes  are
image 18 generally composed of low frequency features
while microcalcifications appear as high frequency details,
a wavelet approach is adopted allowing the separation of
high resolution mammogram components from the low
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Fig. 1. Mammogram n.249 of MIAS database

L
E
\
E
L
1
HORIZONTAL
L
E
\
E
L
2
HORIZONTAL
Fig. 3: Procedure result
resolution  ones. Biorthogonal wavelet  filter
coefficients were chosen for this study as they

cauze low image distortions due to their symmetrical
properties [1]. In particular, the Bior 2.6 mother wavelet is
used and the image under study is decomposed at
different levels. As the mammographic image was
previously processed through linear functions so as to
discard tissue regions without critical characteristics,
coefficients from levels one and two are taken into
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Fig. 2: Mammogram after hard thresholding and FSHS
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account since they contain important information about
Theretfore, the de-noiging and
enhancement procedures analyze only levels one and two
of wavelet decomposition and adopt a Donoho
thresholding technique [23]. The method performs a
reconstruction which congsiders the coefficient values of
all decomposition levels. As a biorthogonal wavelet family
is adopted, a perfect reconstruction of the original image
is possible.

microcalcifications.
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Fig. 4: Identified Cluster

The aim of the successive step, called feature
extraction, iz the detection of suspected zones where
microcalcifications can  be  localized, Since
microcalcification tissue has a higher intensity than the
surrounding pixels, a wavelet filter can be adopted to
analyze the reconstructed image. Indeed, suspect
microcalcifications can be detected by discarding the
lowest frequency sub-band in the image wavelet
decomposition. In the proposed method, mammograms are
decompozed into two-level wavelet representations
adopting the Haar mother wavelet.

To recognize true microcalcifications, after the
adoption of a hard thresholding method, the implemented
algorithm employs a 2D nonlinear filtering procedure for
each level.

In the classification phase, the last algorithm step,
the procedure analyzes the whole tested mammogram and
discriminates the normal image from the abnormal one in
which microcalcification clusters have been detected. A
gpecial custom filter iz used which is characterized by a
6x6 fixed window for the first level wavelet decomposition
and by a 3x3 fixed window for the zecond level wavelet
decomposition. Filtered points will have maximum value if
there are at least one local maximum, at least one local
minimum and at least one zero-crossing point in the
corresponding window;
assigned.

Moreover, a pixel quantization change isimplemented
which transforms the original gray level image into a black
and white mammogram. Therefore, pixels with a value
above zero become white, while all the others turn black
(Figure 3).

otherwise a zero wvalue is

In particular, microcalcifications are localized making
pixel by pixel product of horizontal and vertical detail
coefficients at each decomposition level. All suspicious
objects localized in the two levels are considered real
microcalcifications. A cluster is idenfified if more than 3
microcalcifications are detected in lem® square area
(Figure 4) [24-26].

RESULTS AND DISCUSSION

The data collection used to test the procedure has
been adopted from the MiniMammographic database
provided by the MIAS [27]. It consists of 322 different
images belonging to three categories: normal, abnormal
benign and abnormal malign. Abnormal cases are further
claszified in six categories, according to different
pathological types: circumscribed mass, spiculate mass,
microcalcification, ill-defined mass, architectural distortion
and asymmetry. All mammograms are digitized at 200um
pixel edge, with 1024x1024 pixel resolution and § bit
accuracy. For each image, position, size and type of
pathological changes as well as breast fissue type
(i.e. fatty, fatty glandular and dense) are recorded.

The adoption of a standard, public available database
as procedure testing bench makes the comparison with
other computer aided detection systems previously
presented in literature, possible.

To evaluate the procedure performance, the
following well-known coefficients have been calculated,
characterizing the diagnostic system behaviour [28]:

*» The Sensitivity (Se) defined as the probability of
detecting a microcalcification cluster when it exists
really.

TF
Se=—"n
TP+ FIV (1)

» The Accuracy (Ac) defined as the obszerved
agreement befween the procedure results and the
physicians opinion about the mammogram under test
reported ingide the MIAS database.

_ TP+ TN
TP+ TN+ FP+ FN 2)

*» The Cohen’s Kappa coefficient (K) which indicates
how reliably can the gystem be frusted if the system
makes a decizion like a physician.

_Ac-C

=TT 3)

with:
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B TP+ FN « TP+ FP .
IP+IN+FP+FN TP+IN+FP+FEN
TN+ FN IN+ FFP

X
TP+IN+FP+FN TP+IN +FFP+FN

TP (number of true positives) defined as the number
of comrect 1dentifications of microcaleification
clusters mside the mammogram under test;

FN (number of false negatives) that is the number of
microcalcification clusters present in the image that
algorithm 1s not able to detect;

FP (number of false positives) which represents the
mumber of microcalcification clusters detected by the

algorithm but really not present in the mammogram.

High wvalue of sensitivity i1s deswrable for CAD
systems, above all during the screening phase, when the
diagnostic system should ensure that most cases are

detected. In particular, the implemented tool gets a
sensitivity of about 97% at a rate of 0.6 FP/image which is
better than the value obtamned with some other recent
methods adopting the same database [5, 25, 29-33].
Moreover, the obtained accuracy value of about 98.5% at
arate of 0.6 FP/image shows the great agreement between
the system results and the physician opinion, indicated in
the MIAS database. In Figure 5 the shape of accuracy vs
FP is indicated.

The Cohen’s Kappa coefficient, evaluated for
the adopted procedure considering 0.6 FP/image, 1s
0.83 (Figure 6) that proves the method validity and
the possibility to adopt this procedure as “second
opinion” during the mammographic screening phase.
In fact a C value higher than 0.81 shows an almost
perfect agreement between the CAD system results and
the physician opinion as regards the mammogram under
test [34].
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CONCLUSIONS

In this paper, a computer aided detection tool
devised to support radiologists in digital mammography
analysis has been developed.

The procedure focuses on microcalcification cluster
detection and localization in mammograms with various
densities. It consists of several phases which perform
different operations such as image decomposition in
levels, extraction, peak
localization, processed image assignment to the class of
microcalcifications or of normal breast tissue, highlight of
suspiciousareas inside the original mammogram.

The method analyzes the entire mammary tissue, so
guaranteeing high accuracy mn recognizing all malignant
pathologies by avoiding multiple cases of false negative
detection. In fact, the common starting assumption of
other published procedures which select a region of
mnterest (inside which microcalafications may be detected)
and discard all other parts n the tested image, 1s rejected.

The proposed procedure was tested adopting the
whole MIAS database. The obtained performance show
the method accuracy and its efficiency to operate as
"second opimon" i detecting and localizing
microcalcification clusters. In fact accuracy and k
coefficients of 98.5% and 0.83 at a rate of 0.6FP/image are
obtained, respectively. Moreover, the algorithm
sensitivity of 97% with only 0.6 FP/image ensures the
capacity of the procedure to detect most cases and
therefore it is very useful during the screening phase.

different wavelet feature
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