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Abstract— In this paper, we propose a new hybrid system
for microcalcifications detection in digital mammograms,
using the combination of the CDF 9/7 filter bank and a
successive approximations threshold. Microcalcifications
are low contrast samples and only have a few pixels in
diameter which are difficult to detect. We shown that
microcalcifications have not only support in high frequency
regions, but also along the entire frequency spectrum. The
digital mammograms are analyzed and the lowest frequency
subband dropped. After recovering the image a successive
threshold is calculated to keep the samples with higher
amplitudes. Results show that the proposed method reveals
accurately the small injuries in digital mammograms.

Index Terms— Breast cancer, Microcalcifications detection,
Filter bank, DCF 9/7.

I. INTRODUCTION

Mammography is a method that uses low dose of x-
rays to produce a picture of the breast. This method is
also known as screen-film mammography or simply
mammogram and is the most common widely used
technique to determine the existence of breast cancer [1].
Breast cancer is the most common cause of death in
middle—aged women [2]. In addition, from 30 to 50% of
the tissue surrounding malignant tumors of the breast,
contains groups of microcalcifications [3], [4].

Microcalcifications are small deposits of calcium in the
breast that cannot be felt but only can be seen on a
mammogram. These specks of calcium may be benign or
malignant and could be a first cue of cancer. Clusters of
microcalcifications have diameters from some pum up to
approximately 200 um [5]. On a digital mammogram,
microcalfications appear as a group from one up to few
number of high intensity samples, usually considered
regions of high frequency on a digital mammogram.

Among the methods used to detect microcalcifications
on digital mammograms are those that use wavelet
transform implemented as filter banks [6], [7], [8].
Wavelets are mainly used because of their dilation and
translation properties, suitable for non stationary signals
[9].

In this paper we use a Cohen-Daubechies-Feauveau
(CDF) 9/7 filter bank [10], [11] to separate the
mammogram using 3 levels of wavelet decomposition.
Decomposition is followed by discarding the lowest
frequency subband. After reconstruction, a threshold

© 2009 ACADEMY PUBLISHER

based on successive approximations was applied to
recover the regions of highest intensity.

II. THE FREQUENCY SUPPORT OF A MICROCALCIFICATION

In this section, the frequency support of
microcalcifications is analyzed. Thus, their energy across
the frequency spectrum is considered. More levels of
wavelet decomposition are used to increase the energy of
a microcalcification in order to detect them.

A.  Experimental Analysis of the
Microcalcifications via DCT

In order to investigate the frequency support of a
microcalcification, twelve microcalcifications of 8 x 8
samples each were taken from different digital
mammograms [12]. The mean of each microcalcification
was subtracted and the 2D Discrete Cosine Transform
(DCT) [13] was applied to change from the spatial
domain into the frequency domain. Fig. 1 shows the
image of a collection of several microcalcifications used
for the experimental analysis.

Energy  of

Figure 1. Microcalcifications obtained from different digital
mammograms.

DCT is an orthogonal transform and completely
decorrelates a signal. Besides, DCT can be applied to
matrices of small dimension. Therefore, each 8 x 8
samples of microcalcification was transformed into an 8 x
8 different non-overlapping frequency components. We
obtained as a result a matrix of coefficients arranged in
zig-zag as shown in Fig. 2, from the DC component (top
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left corner) to the highest frequency component (bottom
right corner) [13]. The coefficients fulfill the condition
shown in Eq. 1.
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Fioure 2. Arrancement of DCT coefficients.
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Where  x(m,n), are the samples of the

microcalcification in the spatial domain, X(k,/) the
transformed coefficients, N the number of rows, M the
number of columns in the sample domain, En[x] the
energy of the samples in the spatial domain, and En[X ]
the energy of the coefficients in the transformed domain.
The microcalcifications shown in Fig. 1 correspond to the
3D plots of Fig. 3. Peaks represent the specks of calcium
and are surrounded by noise. Thus, the
microcalcifications  have a  noise  component
n(m,n)added to it. Therefore, the total effect can be

expressed with Eq. 2.
x(m,n)=x(mn)+n(mn) ?)

Where x(m,n) is the microcalcification plus a noise
component. According to the microcalcification
definition and, in order for a microcalcification to be
detected, two conditions must be observed: x(m,n) must
be compactly supported and En[x]> En[;], otherwise the

injury is not a microcalcification.
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Figure 3. Amplitudes of 6 microcalcifications shown in Fig. 1
contaminated with noise.

B. Zonal Filter

In order to discard (set to zero) from the highest to the
lowest frequency coefficients, seven zonal filters were
applied to the transformed coefficients. Fig. 4 shows the
masks applied to the DCT coefficients. The dark area
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corresponds to the discarded coefficients and white
squares are set to one.
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Figure 4. Zonal filters for discarding a) 15, b) 28, ¢) 39, d) 40, e) 55,
and f) 60 coefficients.

s

2
Zonal filters throw-outs intervals from a) [% 7, 7[} ,b)

3 7T Rk 1 : 3T
|:Z7Z',7[:| , C) |:§7Z',7[:| , d) |:E7Z,7Z':| , ©) |:§7[,7Z':| ,

2
and f) |:%7Z’,7Z’:l rads/sample. Notice that the filters

remove high frequency intervals, keeping the low pass
intervals.

In order to investigate the effect of the discarded
coefficients, the energy of the interval kept was
calculated. The strength of the microcalcification is
determined by the percent of retained energy after the
zonal filter (see Table I).

TABLE L.
PERCENT OF RETAINED ENERGY AFTER ZONAL FILTER

Zonal Zonal Zonal Zonal Zonal Zonal
% of Filter Filter Filter Filter Filter Filter

Total (a) ®) (e) ] (e) ®

Energy % of retained energy

Micro 1 100 8524 74.85 66.10 60.11 47.09 35.40
Micro 2 100 89.72 7789 67.40 5576 2120 1398
Micro 3 100 98.28 9411 77.89 7227 31.86 6.45
Micro 4 100 83.39 72.05 55.71 48.48 14.35 3.20
Micro 5 100 97.14 9241 8346 7742 47.26 565
Micro 6 100 93.64 8355 7726 6732 3051 1136

C. Frequency Support of Microcalcifications

In Table I we reported the percentage of retained
energy after zonal filters. It should be noted that filters (b)

2
and (d) retain frequencies in the interval{o,%ﬂj and

2
[0, % ﬂ'j respectively.

However, when filter (b) is applied; more than 82% on
average of the total energy is retained and when filter (d)
is used more than the 50% of the total energy is retained.
Nevertheless, one could expect the energy to drop more
drastically when the filter affects the high pass regions
because we assume that a microcalcification is a high
frequency signal.
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Each microcalcification on Fig. 3 can be represented as
in Eq. 2. Conversely, it is necessary to also look into the
effect of the noise, so that we can have a better
approximation of this signal. Thus, we set to zero some
low magnitude samples around the microcalcification and
leave a set of 4 x 5 samples representing the
microcalcification as shown in Fig. 5. We did not apply
any filtering because it was necessary to keep the shape
and the actual amplitude of the surge. Without loss of
generality, Eq. 2 can now be expressed as:

x(m,n)=x(m,n) 3)

In Table II we report the percentage of retained energy
after removing the noise and applying the zonal filters of
Fig. 4. It should be noted that all frequency bands are
affected but the energy content of the noise is much less
energy than the energy of the microcalcification. Also we
notice that the percent of retained energy is still high for
high frequencies.

TABLEII
PERCENT OF RETAINED ENERGY AFTER ZONAL FILTER.
Zonal Zonal Zonal Zonal Zonal Zonal
% of Filter Filter Filter Filter Filter Filter
Total (@) (b) (c) (d) (® ®
Energy % of retained energy
Micro 1 100 80.50 74.09 6097 3934 3382 561
Micro 2 100 87.53 81.02 67.08 4349 3468 556
Micro 3 100 98.75 94.21 70.64 59.42 26.24 5.22
Micro 4 100 80.41 67.34 5527 25.56 21.20 2.28
Micro 5 100 98.03 92.50 84.19 54.67 4541 5.93
Micro 6 100 93.26 79.25 59.767 44.988 23.95 348

Fig. 6 (a) shows the spatial support of one of the
microcalcifications of Fig. 3; and Fig. 6 (b) shows the
frequency response. The frequency content is distributed
in the entire frequency spectrum with approximately the
same magnitude.

Figure 6. Microcalcification. a) Spatial support and (b) its frequency
response.
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Figure 5. Amplitudes of microcalcifications after removing noise.
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III. THE WAVELET TRANSFORM

Wavelet transform decomposes a signal onto a set of
bases functions called “wavelets”. The Discrete Wavelet
Transform (DWT) is used for discrete signals and it is
closely related to the multirate signal processing
technique [9]. The basis functions are obtained from a
single “wavelet mother” w(n) by dilations and

contractions (scaling) v, ,(2°n—b), abeZ.

The particular wavelet decomposition relates to filter
banks. Wavelet-based image decomposition is a filtering
process. For a given image X of size N x M, subband
decomposition can be performed as follows: 4/(n) and
h2(n) are low and high pass wavelet filters respectively
with  frequency response Hl(w) and H2(w)

respectively. With low pass filtering we obtain the
background and with high pass filtering the details of the
image X.

Filtering along rows is followed by downsampling the
columns, then filtering along columns is followed by
downsampling the rows (see Fig. 7). Since we
downsample by a factor of two in both directions the size
of the resulting subbands is N/2 x M/2 and can be
expressed as HIHIX, HIH2X, H2H1X, and
H2H2X . The subband H1H1X contains the lowest
frequency coefficients or smooth information and
background intensity of the image and HIH2X ,
H2H1X , and H2H2X contain the detail information.
H1H?2X gives the horizontal high frequencies (vertical
edges), H2HI1X vertical high frequencies (horizontal
edges), and H2H?2X high frequencies in both directions
(diagonal edges).

Smooth
information

Low pass filter

Horizontal high
frequencies

Vertical high
frequencies

Diagonal high
frequencies

Filtering along rows,
downsampling of
columns

Filtering along columns,
downsampling of
Tows

Figure 7. One level of 2-D subband decomposition.

When methods such as Discrete Wavelet Transform
(DWT) [6], [7], [14] are wused to detect
microcalcifications, the lowest frequency subband is
discarded and the digital image mammogram recovered.
If one level of DWT is used, the interval of discarded

2
frequencies is {0, %j , and corresponds to Y4 of the

total number of coefficients. This corresponds to apply
the zonal filter of Fig. 4 (d). From Table II we can notice
that the energy kept on average is 44.57 % only. As the
number of decomposition levels increases, less energy is
discarded. Therefore, the retained energy increases,
increasing the energy of a microcalcification as well as
the noise energy. However, the noise amplitude is shorter
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than the microcalcifications amplitude. Then, the energy
of a recovered microcalcification is higher as more
energy is used to represent it. Therefore, the definition of
a microcalcification is limited by the number of wavelet
decomposition levels applied to the mammogram and by
the inherent noise.

IV. EXPERIMENTAL RESULTS

In this section, we discuss the results of tests carried
out on several microcalcifications and the detected
microcalcifications  after using a  successive
approximations threshold. For experimental
investigations, the Discrete Fourier Transform (DFT) was
applied to injuries and the resulting frequency
coefficients plotted to visualize the frequency support.
Also in this section is shown the result of the detected
injuries.

Figs. 8 and 9 (a) show the amplitudes of two different
microcalcifications and Figs. 8 and 9 (b) show the
frequency support after the application of the DFT. The
spatial support of Fig. 8 (a) is less than that in Fig. 9 (a).
Both microcalcifications have a large support in
frequency domain. However, the injury of Fig. 8 (b) has
an all pass characteristic while the one on Fig. 9 (b) has a
low pass characteristic with a large extent in the band
pass.

0 )
Radsisample 5™
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Figure 8. a) Microcalcification with a large amplitude,
short spatial support and b) its magnitude response.
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Figure 9. a) Microcalcification with a short amplitude
and b) its magnitude response.
This operation corresponds to applying the zonal filter
of Fig. 4 (d). From Table 2 we can notice that the energy
kept is, on average 48.46% approximately. As the number

of decomposition levels increases, less energy is
discarded and also the shape of a microcalcification is
preserved. However, the energy of the surrounding noise
also increases, but in less amount than that of the
recovered microcalcification.
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Regularly after IDWT, a threshold is optimized to
separate the samples with larger magnitude from the
noise. Thus, detection of a microcalcification is limited
by the number of wavelet decomposition levels and the
optimized threshold.

Fig. 10, 11, and 12 (a) show microcalcifications with a
short spatial support and high amplitude after subtracting
the spatial mean. Figures 10, 11, and 12 (b) and (c), show
the recovered microcalcifications after one and four DWT
decomposition levels respectively.  The shape and
amplitude of the injury are drastically changed when one
decomposition level is used. As the number of
decomposition levels increases, the shape and amplitude
approximates to the original microcalcification. Fig. 13
(a) shows a microcalcification with short amplitude. After
one level of DWT decomposition (see Fig. 13 (b)) the
shape and amplitude of the injury is totally missed. We
also observe that the amplitude of the recovered injury is
close to the amplitude of the surrounding noise.

Figure 10. a) Microcalcification with a short spatial
support and short amplitude, and recovered
microcalcification after b) one level of DWT
decomposition and c) four levels of DWT decomposition.
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Figure 11. a) Microcalcification with a short spatial
support and high amplitude, and recovered
microcalcification after b) one level of DWT
decomposition and ¢) four levels of DWT decomposition.
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Figure 12. a) Microcalcification with a short spatial
support and high amplitude, and recovered
microcalcification after b) one level of DWT
decomposition and ¢) four levels of DWT decomposition.
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Figure 13. a) Microcalcification with a long spatial
support and short amplitude, and recovered
microcalcification after b) one level of DWT
decomposition and ¢) four levels of DWT decomposition.

As a microcalcification has a large support along the
frequency spectrum, they can be enhanced using a
Discrete Wavelet Transform with orthogonal property
and energy compaction of small details (impulses and
thin lines) properties which are characteristics of the CDF
9/7 filter bank [9].

For experimental investigations, the CDF 9/7 filter
bank is applied to the mammograms using 3
decomposition levels and discarding the lowest frequency
subband before reconstruction. The three levels were
applied to the image in order to keep most of the energy
of small microcalcifications in the frequency domain.

To remove the inherent reconstructed noise a threshold
based on successive approximations was applied to the
recovered image. The initial threshold is calculated with
equation 4.

T = gliose meste ) cjeX 4)

Where I_ J is a floor operation, max(c, ;) is the

maximum magnitude of the coefficients in the recovered

image, and X is the recovered image. If the sample is
greater or equal than the threshold then we say it is
significant. In each pass, we look for significant samples
in the entire image. If a sample is significant and it has
not been significant previously, then it is fully recovered.
After each pass, the threshold is halved and a new pass
started. Consequently, higher magnitude samples are
always recovered first, and we can decide the number of
passes or bit planes to recover, in order to avoid noise.

Fig. 14 shows several detected microcalcification
using 3 levels of wavelet decomposition and 3 bit planes
recovered. Digital mammograms used to represent and
measure microcalcifications in section I where not used
in this section.

V. CONCLUSIONS

The experiments presented in this paper indicate that
the frequency content of microcalcifications is extended
in most of the frequency spectrum, rather than in a high
frequency region only. The approach presented in this
paper was motivated by the ability of wavelets to
decompose an image onto different scales and
resolutions. This approach exploit the frequency
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selectivity and energy compaction property of the CDF
9/7 filter bank.

The properties give us the advantage to decompose the
mammogram into more levels, to discard the least
possible energy when low frequency subband is thrown
away. This fact not only keeps more energy of
microcalcification, but also more energy of the noise
which is assumed to be less amplitude than
microcalcifications. However, a threshold based on
successive approximations detects the samples with more
amplitude first.

e) f)

Figure 14. Digital mammograms from MIAS database (a)

mdb210, (b) detected microcalcifications, (¢) mdb245, (d)

detected microcalcifications, (e) mdb249 and (f) detected
microcalcifications.
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