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ABSTRACT

Mammography is the most efficient method for breast cancer
early detection. Clusters of microcalcifications are the sign of
breast cancer and their early detection is the key to improve
breast cancer prognosis. Microcalcifications appear in
mammogram as tiny granular points, which are difficult to
observe by radiologists due to their small size. An efficient
method for automatic and accurate detection of clustered
microcalcifications in digitized mammograms is the use of
Computer Aided Diagnosis (CAD) systems. This paper presents
a novel approach based on multiscale products of eigenvalues of
Hessian matrix. The detection of microcalcifications is achieved
by decomposing the mammograms by filter bank based on
Hessian matrix into different frequency sub-bands, suppressing
the low-frequency subband, and finally reconstructing the
subbands containing only significant high frequencies features.
The significant features are obtained by multiscale products.
Preliminary results indicate that the proposed scheme is better in
suppressing the background and detecting the microcalcification
clusters than any other detection methods.
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1. INTRODUCTION

Today, Breast cancer is the common type of cancer among
women and comprises the second leading cause of mortality
after lung cancer. According to WHO report, more than 9
million women die due to breast cancer in worldwide every
year. The earlier stage of the breast cancer is detected, the
chance that a proper treatment can be prescribed.

A widely-used technique for breast cancer detection is the
analysis of the Screening mammography [1]. Therefore, routine
screening of mammogram programs are used to detect the
earlier sign of cancer. The earliest sign of breast cancer is
microcalcification, which is nodular in structure and varies in
dimension from 0.6 mm to 2 mm. A detection of
microcalcification in such earlier stage increases the probability
of surviving [2]. Microcalcifications are approximately nodular,
but the shape might be blob, elliptical and circular. The
sensitivity of radiologists for microcalcification detection is 70%
-90% [3,4].

Therefore, computerized approach for breast cancer detection on
mammogram has been developed. A Computer Aided Diagnosis
(CAD) system is vital to increase the accuracy of the detection
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process [5-9]. The regions which are detected by CAD system
then be observed by a radiologist, who finally confirms those as
true or false positives. So the goal of a CAD system is to
increase the accuracy of detection process.

In the past two decades, numerous methods have been proposed
for breast cancer detection. These methods are based on
suppressing background information and amplifying suspicious
areas. Normally microcalcification appears as group of tiny
bright spots in the mammograms. These bright spots correspond
to high-frequency in the frequency spectrum. These high-
frequency features of an image can be recovered using the
wavelet-based subband decomposition. Most of the researchers
have developed a method based on wavelet transform, which is
a robust tool for image denoising, enhancement and image
analysis [10], [11]. Wavelet transform is a powerful method for
analyzing spatial-frequency phenomena and it allows the
decomposition of image into different frequency bands without
affecting the spatial locality.

Wang and Karayiannis [12], Strickland et al. [13], Yoshida et
al. [14], [15] used a discrete wavelet transform, D.Sersic et al.
[16] presented novel filter bank based on redundant wavelet
transform, Laine et al. [17], [18] applied dyadic wavelet
transform, Chun-Ming Chan ef al. [19] developed an algorithm
relying on multiscale wavelet analysis for detection of
microcalcification. In their approach, mammogram is
decomposed into different frequency subbands, the low
frequency subband is suppressed and only the high frequency
subbands are reconstructed. These high frequency subbands are
enhanced by gain factors before reconstructing. The gain factors
are determined by training, supervised learning and trial and
error method. The resultant reconstructed image enhances not
only microcalcification clusters but also some other structures,
which are high frequency in nature. So enhancing only the
microcalcification clusters is a challenging task in the detection
process. To extract microcalcification clusters from high
frequency subbands can be done based on analysis of the
structure and size of the microcalcification clusters. The Hessian
matrix is used to extract the different structures of object in
medical imaging. Y.Sato et al. [20] used 3D Hessian matrix to
classify the different structure of tissues in three-dimensional
images. Frangi et al. [21] employed the Hessian matrix for
vessel enhancement. Krissian et al. [22] developed a multi-scale
detection in 3D images to detect the blood vessels. Nodular
Structures in the image can be identified by using eigenvalues of
Hessian matrix and dimension can be identified by multiscale
analysis. The aim of our proposed method is to achieve early
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calcification detection. We have developed a CAD system to
detect the calcifications of various dimensions based on
eigenvalues of Hessian matrix.

The rest of the paper is organized as follows. Section 2 presents
the microcalcification detection by proposed method. Section 3
presents experimental results and conclusion as last section.

2. PROPOSED METHOD
2.1 ROI Detection

In the first stage, Regions of Interest (ROIs) are detected in the
mammogram image. We have proposed the multiresolution
based histogram technique for the distinction between
microcalcification cluster regions and normal regions in
mammograms. The mammogram image is decomposed into four
subimages by an undecimated wavelet transform (filter bank
implementation without downsampling). Suspicious areas are
found to be mainly concentrated in the detailed subimage. The
size of each subimage is the same as the original image. The
resulting horizontal detailed subimage is used to identify the
region encircling the microcalcification clusters.
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Fig. 1(a). Histogram of region with microcalcifications
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Fig. 1(b). Histogram of region without microcalcifications

The two different types of region with size of 30 x 30 were
selected from the horizontal detailed subimage for simulation.
An abnormal region was selected that contains the
microcalcification clusters and a normal region that does not
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contain microcalcification clusters was selected randomly in
mammogram. We determined the histogram of these two types
of region. Fig. 1(a) shows the histogram of abnormal region and
Fig. 1(b) shows the histogram of normal region. The histogram
of region with microcalcification clusters has high positive tail
and asymmetric. The distribution of right hand tail is larger than
left hand tail.

The histogram of abnormal region is asymmetric and normal
region is symmetric. Therefore, Abnormal ROIs can be
identified by the difference between the absolute value of
maximum positive coefficient and absolute value of maximum
negative coefficient , third order moment (skewness) and fourth
order moment (kurtosis).

Abnormal ROI detection is done as follows. Initially,
mammogram image is decomposed by undecimated wavelet
transform. In resulting horizontal detailed subimage was divided
into 30 x 30 overlapping square blocks. The difference between
the maximum positive coefficient (D',.) and maximum
negative coefficient (D" ,), third order moment and fourth order
moment are calculated at each overlapping region.

The Difference value is computed by

DSR = ‘DI::I':IX - ‘Dl:]dx (1)
An estimate of the skewness and kurtosis is given by
N
> (xi —m)’
S, = 1=1—3 )
(N —Do
N
> (xi =)
a3 )

“~ (N-1o*

l

where x; is the input data over N observations, M s the
ensemble average of X; and & its standard deviation.

The regions having difference value(DSY) greater than 5,
skewness value greater than 0.2 and kurtosis value greater than 4
is marked as region of interest (ROI). A 100x100 square matrix
is chosen as the abnormal ROI size so that the microcalcification
clusters center would be coincident with the ROI center and
ROIs are extracted from the mammogram image.

2.2 Hessian matrix

After detecting abnormal ROIs from mammogram, the next
stage is to pass ROI image through a multiscale filter bank,
which was designed based on Hessian matrix. The Hessian
matrix is a square matrix of second order partial derivates of an
arbitrary function [23]. The second order partial derivatives are
calculated as intensity difference around the pixel.

The Hessian matrix of function S is given by
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O’S is second order partial derivative in horizontal direction,
ox?
o’S

oy> is second order partial derivative in vertical

o°S
direction, 5y, is first order partial derivative in horizontal

followed by vertical direction and 5275 is first order partial
0Oyox
derivative in vertical followed by horizontal direction. Also it is
symmetric matrix; the second order partial derivative 8°S is
dyox
0’S
the same as% .

The eigenvalues of Hessian matrix provide the structure
information of the image and this values state the local intensity
variation in the direction of the associated eigenvectors v; and
Vo

The eigenvalues(A,A, ) are computed by
v Hv, = diag{2,,4,] ®)

The eigenvalues of Hessian matrix is more sensible to noise, it is
essential to remove noise in the image without modifying the
structure of microcalcifications. Frangi et al.[21] used Gaussian
kernel to smooth out noise , we used smoothing filter to weaken
the noise.

The first order derivative and averaging of a function S is given
by

as _ 1 e 6
= > (Sx)—-S(x-D) (6)
| SCeoyex = %(S(x) +S(x—1)) @)

The second order derivative and averaging of a function S is
given by

azf = l(S(x +1)+S(x—1)—25(x)) ®)
ox 4
[ [ S = %(S(x +D)+S(x—1)+25(x)) ©)

To design two dimensional filter bank for computing Hessian
matrix, initially one dimensional two channel filter bank is
analysed is shown in Fig. 2.
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Fig. 2: One dimensional filter bank

S is an input signal and Sy is perfect reconstructed signal. The
condition for perfect reconstruction is[24]

Go(2) Ho(2) + Gi(2) Hi(2) = 1 (10)

Ho(z),H|(z) are analysis filter and Gy(z), Gi(z) are synthesis
filters. Synthesis filter banks were designed to cancel the
aliasing effect. The synthesis filter banks for perfect
construction[24] are given by

Go(2) = Ho(2), Gi(z) = - Hi(2) an

Hy(z) is the first order smoothing filter and H,(z) is the first
order derivative filter. According to equation(6-7), the Hy(z) and
H(2) is given by

Ho(z) = l(1 +z
2 (12)

1 -1
H@z= -A—z")
2 (13)
The Second order partial derivative filter and averaging filter
according to equation(8-9) is given by

Ho(z) Ho(2) = %(z1 +z'+2) i

Hi(2) Hi(2) = %(zl 421 -2) (15)

Figure 3 shows the two dimensional filter bank, some of the
filters were moved from synthesis to analysis and vice versa to
compute the Hessian matrix and it is shown in Fig.4. Fig.5 is
equivalent to Fig.4 according to equation(11). The multiscale
image analysis is achieved by approximation subimage Sif is
iterated to number of scales. Figure 6 shows iterated multiscale
filter, image is smoothed and dilutes the noise at each scale. The
filter Hy(z") and H,(Z) is 2’ scale dilation of Hy(z) and H,(z).

2
The © f 0’S 9’S  are corresponds to W, , W, and
Ox~ > 9y? > oxoy
wP.
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Fig. 6: Hessian matrix filter bank with iterating low pass image
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2.3 Multiscale Product Analysis

In order to study the relation between eigenvalues of Hessian
matrix with microcalcification clusters, we have taken a
microcalcification profile from mammogram and tested.

A single row on mammogram image was taken, which contains
microcalcification cluster. Figure 7(b) shows the line of image,
the sharp peaks indicate microcalcification cluster and other
values indicate unwanted artifacts and background. Fig. 7(c-e)
and Fig. 7(f-h) show two eigenvalues of Hessian matrix for this
line at different scales. Multiscale analysis was applied to line of
image, where scale increases the eigenvalues of calcifications
are reduced.
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Fig. 7. (a) Region with microcalcifications clusters (b) The
line on image (c-¢) eigenvalues(A,) from scale 1 to 3 (f-h)
eigenvalues()A,) from scale 1 to 3
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Notice that the eigenvalues of calcifications have high
magnitude value(negative) across scales while non-specific
background has low values. It is complicated to pick up the
calcifications because eigenvalues of calcifications are
surrounded by insignificant neighborhood values. To avoid this
problem, we present multi-scale product scheme to incorporate
the merits of interscale dependencies for microcalcification
detection. In the Multiscale products, calcifications can be
efficiently distinguished from non-relevant ones. Multiscale
products are calculated by multiplying adjacent scale of
eigenvalues. These products are used to increase the magnitude
of the calcifications and to weaken the homogeneous region.
Fig. 8 shows multiscale product of eigenvalues at adjacent
scales. Indeed, it is easy to extract the singularity
(microcalcification) in the the mammogram.

The multiscale products of eigenvalues are calculated by

p= 24" 16

Py;= ﬂzj ‘/12/41 a17)

Where M, are eigenvalues of Hessian matrix at scale j and
j+1. The multiscale products for two eigenvalues (A;,A,) are
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calculated, based on this products thresholding is applied to
extract the calcifications.

The algorithm is summarized as follows. An iterated filter bank
based on Hessian matrix(Fig.6) is applied to mammogram,
which is decomposed into different frequency subbands. The
eigenvalues of Hessian matrix at each subband are computed.
Two adjacent eigenvalues of subbands are multiplied and
thresolding is applied to the multiscale products.

The detail coefficients are threshold by

wh(x,y) P =AMax(BY), k=12
M
W (x,y)=

0 otherwise

(18)

Where A is the bias thresholding value in the range of 0.1 to 0.3
and Max(P;, JM) is the maximum value of multiscale product at
each subband. Where M is the variable used to indicate the
horizontal, vertical and diagonal subbands. Finally, suppressing
the coarsest approximation subband, and reconstructing only the
detail subbands. The multiscale product technique is used to
distinguish the calcifications against background effectively.

3. EXPERIMENTAL RESULTS

The proposed approach was tested in MATLAB 10.0 and
verified on the set of mammogram image with different features.
The set of mammogram were obtained from DDSM database
and resolution of a mammogram is 50 pm/pixel and gray level
depths are 12 bits. The first step of microcalcification detection
is to find the abnormal regions, which are identified by
multiresolution based histogram technique. Fig. 9(a) shows a
part of mammogram image with microcalcification clusters and
Fig. 9(b) shows suspicious areas are marked by white and
normal regions are marked by black.

(@ (b)

Fig. 9: ROI detection (a) Part of mammogram with
microcalcification clusters (b) suspicious ROI detection

In the next stage, the microcalcification clusters are detected by
proposed filter bank based on Hessian matrix. The performance
of our proposed method was compared with background
suppressed algorithm. For convenience, we compared
microcalcification detection by 2D wavelet transform [12] and
multiscale wavelet method[19].
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Fig. 11 : Detection of microcalcification (a) Abnormal ROI
(b) Detection by 2D WT (c) Detection by Multiscale WT (d)
Detection by Proposed Method

Fig.11(a) shows an abnormal region which contains
microcalcification clusters and  Fig.11(b-d) shows
microcalcification detection by 2D wavelet, multiscale wavelet
and proposed method. It is found from the results,
microcalcification clusters are detected accurately and the other
structures are suppressed by proposed method. The detection
result obtained by the proposed method seems to be the most
suitable, since it identifies the location of microcalcifications.
The detection capability of the proposed method is much higher
than the 2D wavelet method and multiscale wavelet method.

4. CONCLUSION

The development of a CAD system for automatic detection of
microcalcification clusters in mammogram was presented.
Microcalcification  cluster detection based on wavelet
decomposition is used in many works before. In this paper,
detection by filter bank which was designed based on Hessian
matrix. In many conventional methods, detection of
microcalcifications is achieved by suppressing low-frequency
subband and reconstructing all high frequency subbands. In our
proposed scheme, reconstructing the high frequencies contains
only microcalcification clusters. This method is better to
differentiate the microcalcification clusters from insignificant
tissues. The computational complexity of the proposed
algorithm is high compared to 2D wavelet transform. But the
results are promising that this method could detect the
microcalcifications accurately than 2D wavelet transform. The
proposed algorithm was tested on both normal and abnormal
images. We tested 88 images taken from DDSM mammogram
database. Based on the results, the proposed method detects the
microcalcifications up to 97.8% accuracy.
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