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Abstract

Wavelets have enjoyed a widespread exposure in
applications of image processing and computer vision. So
mush so that wavelet is widely used in medical applications
as the computer aided detection of microcalcifications in
mammograms. A several types of wavelet transforms were
employed in algorithms to achieve automated detection of
microcalcifications. In this work we present a comparative
study of wavelets to pick the better one and its optimal
potential level of decomposition that give us better detection.
Our algorithm involves four steps: First, delimitation of the
Region of Interest. Second, extraction of microcalcifications
profiles. Next, a 1-D DWT with different families of wavelet
is applied on the signal up to the sixth level. Finally,
comparison between details coefficients of each level is done
to carry out the optimal level. To prove our result, 2-D
wavelet transform decomposition and reconstruction with the
list of wavelets used above and up to the optimal level of
each one is applied on digital mammograms from the MIAS
data base (Mini Database for Screening Mammography) to
carry out microcalcifications. A comparative study based on
the true positive (TP) is performed to confirm the result.
Keywords: Multiresolution approach, 1-D Discrete Wavelet
Transform, Breast cancer, Microcalcification.

1. Introduction:

Mammography is effectively the widely used imaging
modality for breast cancer screening. Mammograms
are the most difficult of radiological images to interpret
since they are of low contrast. Also, features in
mammograms indicative of breast disease, such as
microcalcifications, are often very small. Therefore, a
computer system has been already used to help the
radiologists to pre-screen mammograms.

Considerable research, last twenty years, has been
undertaken in the development of automated detection
of microcalcifications. Several image processing
methods were proposed (a thorough review of various
methods can be found in Thangavel et al. [1]. Among
these, there are many promising wavelet approaches
based on the discrete wavelet transform multiresolution
analysis.
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Although, there are various wavelet decomposition
approaches microcalcifications detection algorithms,
the study of the optimal level of decomposition is of
great interest to perform computer aided detection of
microcalcifications based on multiresolution wavelet
transform.

The remainder of the paper is organized as follows.
First, some wavelet-based approaches are presented in
section Il. Next, we introduce a brief overview of
wavelet transform and multiresolution approach in
Section Ill. The proposed approach is developed in
Section V. Results and applications are presented in
Section V. Finally, conclusion and some proposes
directions for future work are given in Section VI.

2. Overview of some wavelet-based
approaches

A several types of wavelet transforms were employed
in algorithms to achieve automated detection of
microcalcifications. In this section, a few most
important techniques for microcalcification detection
are reviewed.

M.G. Mini et al[2] present two novel WT-based
schemes for the automatic detection of clustered
microcalcifications in digitized mammograms. The
proposed algorithms achieve high detection efficiency
and low processing memory requirements. The
detection is achieved from the parent—child
relationship between the zero-crossings [Marr-Hildreth
(M-H) detector] /local extrema (Canny detector) of the
WT coefficients at different levels of decomposition.
The Biorthogonal wavelet “bior 1.3” of support 6 for
edge detection was wused at the third level
decomposition.

M. Rizzi et al in [3] introduce a new procedure based
on preserving suspect microcalcifications and reducing
background noise by thresholding mammograms
through a wavelet filter, according to image statistical
parameters on the one hand. On the other hand, the
reconstructed image is decomposed adopting another
wavelet and each decomposition level is processed
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using a hard threshold technique in order to localize
singularity points.

Wang and Karayianis [4] presented an approach for
detecting microcalcifications in digital mammograms
employing wavelet-based subband image
decomposition. Given that the microcalcifications
correspond to high-frequency components of the image
spectrum, microcalcifications can be extracted form
the original mammograms by suppressing the subband
of the wavelet-decomposed image that carries the
lowest frequencies, before the reconstruction of the
image.

M. Al-Qdah et al [5] use the db4 wavelet to detect
microcalcifications in mammogram-digitized images
obtained from Malaysian women sample. The wavelet
filter’s detection evaluation was done by expert
radiologist. An evaluation system is designed to
evaluate the findings of the radiologist over some
period of cancer detection working time.

S.Sentelle et al [6] shows that a multiresolution FCM-
based segmentation combined with wavelet processing
can be employed to quickly detect and segment
calcifications as a possible pre-processing step for a
classifier. This algorithm exhibits difficulty with the
detection of some subtle calcifications. Overall, it is
expected that the addition of linear structure detections,
fined tuned fuzzy rules, local measurement of standard
deviation and enhanced use of the FCM algorithm
output during the pre-processing stage could result in
significant improvements in performance.

P.Heinlein et al [7] presented a new algorithm for
enhancement of microcalcifications in mammograms.
The main novelty was the application of techniques
developed for construction of filterbanks derived from
the continuous wavelet transform. These discrete
wavelet decompositions, called integrated wavelets,
are optimally designed for enhancement of multiscale
structures in images. These techniques were applied to
the detection of microcalcifications. The algorithm was
positively evaluated in a clinical study. It has been
implemented in a mammography workstation
developed by IMAGETOOL.

Since microcalcifications appear as singularities in
mammograms, G.Lemaur et al [8] provide new
wavelets with a higher Sobolev regularity compared
the classical wavelets, assuming the same support
width. The results show that the detection of clustered
calcifications in digitized mammograms is improved
by the use of wavelets with a high Sobolev regularity.
V. Alorcon-Aquino et al [9] propose an approach to
detect microcalcifications in digital mammograms
using the dual-tree complex wavelet transform (DT-
CWT).The approach follows four basic strategies,
namely, image denoising band  suppression,
morphological transformation and inverse complex
wavelet transform. Experimental results show that the
proposed denoising algorithm and morphological
transformation in combination with the DT-CWT
procedure performs better than the stationary and
discrete wavelet transforms and the top-hat filtering.
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3. Wavelet transform and multiresolution
approach

Because of a powerful underlying mathematical
theory, wavelet methods of analysis and representation
are presently having a significant impact on the science
of medical imaging and the diagnosis of disease and
screening protocols. They offer exciting opportunities
for the design of new multiresolution image processing
algorithms [10]. Wavelet transform give the both
frequency and time information of the analyzed signal.
The interesting properties are as follows [11,12]:
Inversibility: We must be able to reconstruct an image
from its discrete wavelet coefficients.
Admissibility: wavelet transform can be used for first
analyze and then reconstruct a signal without loss of
information.
Regularity: Wavelet regularity is a key property to
improve the detection of singularities.
Translation covariance: Shifting the original image
produce a wavelet -coefficient shifting without
changing its structure.
In this section, we describe the procedure of
implementing the one-dimensional wavelet transform.
Most signals correspond to waves which have high-
frequency components of short duration (details) and
low-frequency components of long  duration
(approximations) (Fig 1). Under these considerations, a
multiresolution analysis works best with this kind of
signals.

cD High Frequency

—'(D— R Y

=00 DT coniiceats

cA Low Frequency

=500 DWT coeticents

Fig. 1 Details and Approximation signals

3.1 1-D Wavelet analysis filter bank:

The 1-D wavelet transform analysis is the first step in
the multiresolution approach.

Consider a multiresolution hierarchy with j levels.
Each level contains an approximation, Aj, and details
Dj. The original data can be thought of as AOQ.
Approximation Al is the low frequency components of
AQ, and D1 is the high frequency components of AO.
The detail can be thought of as the difference between
Al and AO so that AO=A1+D1=A2+D2+DI etc...
Since the analysis process is iterative, in theory it can
be continued indefinitely. In reality, the decomposition
can proceed only until the individual details consist of
a single observation.
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The hierarchical model can be illustrated as follows

(Fig.2):
The mathematical description of the multiresolution
hierarchy follows:

ao(t):aj(t)+zj:dk(t) &)

aj(t)= aj+l(t)+dj+1(t)

O

@

D2 A2

D3 A3

Fig. 2 Multiresolution Hierarchical Model.
S is the original signal.

Two closely related basic functions are needed for the
multiresolution formulation. The first basic function is
the wavelet function y(t) and the other basic function
is called the scaling function and denoted by o(t) [11].
All other wavelets are obtained by simple scaling and
translating of y(t) as follows:

1 t—1
-~ w(—~ 3)
Var = 7= w( " )

In the most common formulation, the scaling is
discrete and dyadic, a=2-j. The translation is
discretized with respect to each scale by using  t=k2-
jT. A one-dimensional orthonormal wavelet basis is
generated from dyadic dilation and integer translation
of the two basic functions, the ‘‘father’” wavelet ¢ and
the ‘‘mother’” wavelety.

vk =2"2p(21t—KkT) @)
o =27 p(2t—KT) (5)

The collection:

{gojo’k 1<k <2k }u{y/j’klﬁ k<2l j> jo}
forms an orthonormal wavelet basis [13].
The two-parameter wavelet expansion for signal x(t) is

given by the following decomposition series in which
the scaling and wavelets functions are utilized.

X(t)zzck¢jo,k(t)+z zdj,k‘ﬂj,k(t) (©)
k k j=lo
In this expansion, ck coefficients are referred to as
approximation coefficients at scale jO. The set of dj,k
coefficients represents details of the signal at different
scales.

djk = (X O) = [xQwp Odt @

Ce = (X105, ©) =[ XD @, Ot @

Copyright (c) 2013 International Journal of Computer Science Issues. All Rights Reserved.

These coefficients can be find using discrete wavelet
transform filter bank.

Mallat demonstrate that the dyadic nature of
multiresolution approximations, in orthogonal basis, is
closely related to the possibility of implementing the
discrete wavelet transform (DWT) using filter bank.
Further more, there is a recursive relation between cj
and cj+1, also between dj and cj+1.

The procedure of implementation starts with passing
this signal (sequence) x[n] through a half band digital
lowpass filter with impulse response h[n]. Filtering a
signal corresponds to the mathematical operation of
convolution of the signal with the impulse response of
the filter. The convolution operation in discrete time is
defined as follows:

x[n]*h[n]= iw: X[k].h[n—k] 9)
k=—o0

After passing the signal through a half band lowpass
filter, half of the samples can be eliminated according
to the Nyquist’s rule. Simply discarding every other
sample will subsample the signal by two, and the
signal will then have half the number of points.

The DWT analyzes the signal at different frequency
bands with different resolutions by decomposing the
signal into a coarse approximation and detail
information. DWT employs two sets of functions,
called scaling functions o(t) and wavelet functions
y(t), which are associated with lowpass and highpass
filters, respectively. The decomposition of the signal
into different frequency bands is simply obtained by
successive highpass and lowpass filtering of the time
domain signal. The original signal x[n] is first passed
through a halfband highpass filter g[n] and a lowpass
filter h[n]. After the filtering, half of the samples can
be eliminated according to the Nyquist’s rule. The
signal can therefore be subsampled by 2, simply by
discarding every other sample. This constitutes one
level of decomposition and can mathematically be
expressed using the coefficients cj and dj as follows:

¢/ =Y ¢/ h[2k—n]
di*=>"c! g[2k—n]
h[nl=h[-n] & §[nl=g[-n]

The above procedure, which is also known as the
subband coding, can be repeated for further
decomposition. At every level, the filtering and
subsampling will result in half the number of samples
(and hence half the time resolution) and half the
highpass and lowpass filters are not independent of
each other, and they are related by:

glnl=(-1" h{1-n]

(10)

(1)

Where:

(12)
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The implementation of the discrete wavelet transform
using filter bank is showing in (Fig 3).

Since we require the transform to be orthogonal, the
reconstruction of cj is done by computing the inverse
using the transpose,

ol =D ([d{™.g(2k = m)]+[c/” .h(2k —n)]) (3)
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\l, Down-sampling by 2.

Fig. 3 1-D DWT filter bank implementing

3.2 2-D Wavelet analysis and reconstruction filter
bank:

For processing of images, the 1-D DWT is extended to
2-D DWT. Using tensor product wavelets, one
performs the 1-D decomposition process along both x
(row) and y (column) axes.

A total of four subband images HH(y11),HL(y10),
LH(y01) and LL(y00) are generated (Fig 4). Different
subband image contains different information and they
may be processed individually using different
algorithms. The subband image LL corresponds to the
lowest frequencies. It contains the smooth information
and the background intensity of the image. The
subbands HL, LH, HH contain the detail information
of the image. The subband HL gives the vertical high
frequencies (horizontal edges), LH gives the horizontal
high frequencies (vertical edges) and HH gives the
high frequencies in both directions (corners and
diagonal edges).
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For reconstruction Filters, we denote the importance of
choosing the right filters. In fact, the choice of filters
not only determines whether perfect reconstruction is
possible, it also determines the shape of the wavelet we
use to perform the analysis.

The reconstruction can be performed from each level
and each subimage while keeping the size of the
reconstructed image the same as the original image.

4. Proposed approach

One of the important symptoms of breast cancer in the
mammograms is the appearance of microcalcification
clusters, which have a higher X-ray attenuation than
the normal breast tissue and appear as group of small
localized granular bright spots in the mammograms
[14]. This bright spots, presented as singularities,
appear in the frequency domain as high-frequency. It
was denoted that high-frequency features of an image
can be recovered locally using the wavelet-based
subband decomposition

Different wavelet families are available and it is not
always evident to decide the best wavelet to use for the
detection of microcalcifications. Details coefficients
with high modulus in the multiresolution scheme are
associated to singularities. Therefore, the study of the
potential level of subband decomposition is of
great interest  to  perform computer aided
detection of microcalcifications [15]. We propose the
use of 1-D wavelet transform to find out this level.

Our algorithm consists of two main stages.

Stage 1: based on 1-D WT and composed of four steps:
Dimension reduction of the image to reduce the
dimensions of a data set. This work is performed by a
cropping matlab function to delimitate the region of
interest (ROI) which contain microcalcifications and a
limit background area.

We perform a localization of microcalcifications
according to notes of an expert radiologist. Then, we
extract profiles of microcalcifications in two directions
(vertical and horizontal).

1-D WT with different families of wavelet is applied
on the signal up to the sixth level.

Row Processing Column Processing Column Processing Row Processing
() 00
1 Ho L G ¥
2 &
w10
S Hy (o L et G
o Hy ) 1 all })‘ T H G

Down-sampling by

Fig. 4 2-D DWT filter bank implementing analyze and
reconstruction

up-sampling by 2
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Comparison between details coefficients of each level Af&"‘
is done to carry out the better wavelet and its optimal e
level. -
Stage 2: We perform 2-D wavelet decomposition up to % .
this level+1. Then, details coefficients of all levels, B s’

which have modulus less then 50% of the maximum
absolute value modulus of each level, are set to zero.
This technique will decrease the rate of false detection
due to noise, blood vessels and dense breast tissue in
the mammograms. Finally, we reconstruct image, at
the original size to preserve localization of
microcalcifications, after putting the approximations

coefficients of the last level at zero. A comparative T 0w m ®m w wm W m
Isptgij/y is performed using the positive predictive value Fig. 6a vertical profile
TP
PPV =
TP+ FP (14)

The True Positive (TP) parameter means number of
microcalcifications  detected [ number of
microcalcifications proved by radiologist and the False
Positive (FP) parameter means microcalcifications
detected witch not proved to be microcalcification by 180 - - - -
radiologist [16].

160+ 1

401 1

5. Experimental results -, ]

The first step in stage 1 is the dimension reduction of 100 L L w L L

the image to reduce the dimensions of a data set. (Fig ’ o o = an 0 -

5). First we perform a cropping on the original image Fig. 6b horizontal profile
(1024X1024) then we extract the area including The result of the decomposition for profile of
microcalcifications witch we call region of interest microcalcification in the horizontal direction is given
(ROI). in the graphics (Fig 7).

The graphics shows that the maximum details signal is
obtained using the biorthogonal 2.2 wavelet and at the
third level.

Decomposition at level B 5 = 86 + of + o5 + odd + o3 + o2 + ot

Fig 5. Original image, cropped image, ROI d

The Second step in our algorithm is the extraction of 2 : : : : :

microcalcification profile from digital mammograms d DNWW\/\MWWMNWMW
into direction horizontal and vertical. (Fig 6 a,b). :
More than 30 profiles have been extracted from 30

. d
breast cancer mammograms enclosing 1 . . . . . !
microcalcifications. Next, 1-D multiresolution wavelet S 100 120 -0 =0
transform is applied until the sixth level. Fig. 7: 6th level decomposition with biorthogonal 2.2 wavelet;

Profile along vertical direction.
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Figure 8 shows, in the bottom, signal and
approximation signal at level 1, in the middle, detail
signal at level 3 and the last one shows details
coefficients of all the 6th levels.

Signal and Approximation at level 1
180 T T

160 -

140 -

120

100 1 L 1 1 L
50 100 150 200 250

Detail ot level 3
T

I 1
50 100 150 200 250
Details Coefficients
T

L] T ! ! ! b4 [

Level number

'rv.TTT at? ... * ¢ ., 0 0, 1%}
ase T?To otatelte te,e .TT"- vansts T 0l,et

5 2 2t s+ 8.
froteaalat ealtles
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"
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] T8ty o [0 i APIY [0 oy oo $ P e ot
50 100 150

Fig. 8 : Detail signal at level 3

bl Snatogisrnal pyut o [Ton] utt Fnutpoe
200 250

Our experiment is reproduced with the all 30 profiles.
The result is given in (Fig9). In this graphic, sym2(4)
means that we use the symlet 2 wavelet and the
maximum detail coefficient for this wavelet is obtained
at level 4.

From this graphic, it appears that wavelet function
which resembles the shape of microcalcification profile
provides higher details coefficients then others.
However, we notice that for the same family of
wavelets, the null moments of the wavelet act on the
details coefficients modulus.

From (Fig 9) we denote that the Biorthogonal 2.2
wavelet gives the maximum details coefficient in the
two directions at level 3.

Original image

100 200 300 400
Fig. 10 : High lighted microcalcification
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At the second stage of our approach, we perform 2-D
wavelet decomposition up to the level 4 with all the
wavelet families used in the first stage.

Fig 10 shows the original and the final image where
microcalcifications are well high lighted after
thresholding.

After reconstruction, we calculate the VPP relatives to
each wavelet. The result is given in the table below
(Tabl). From this table we denote that the
Biorthogonal 2.2 wavelet gives the better PPV at all.
This result confirms the one obtained in the first stage.

6. Conclusions

Detection of microcalcifications based on discrete
wavelet subband image decomposition was used in
many works before. In this paper, we have studied the
optimal potential level of decomposition using the 1-D
DWT with different families of wavelet. The results
show that the optimal level is a function of the wavelet.
More, the null moments of wavelets have a direct
action on this optimal level. In fact, from certain
number of wavelet null moments, profile of
microcalcification will be mixed with the area behind.
The 2-D filter bank decomposition results show that
the detection of clustered microcalcifications in
digitized mammograms is improved by using wavelets
which have functions similar to the profile shape of
microcalcifications.

For further studies, it seems important to develop
algorithms to find optimal level based on the relation
between the properties of the wavelet function used for
subband image decomposition and the modulus of
details coefficients. Also, classifier algorithms will
improve the false positive rate.

Table 1: Positive predictive value

images }’;’%"iﬁg Type| TP | FP | PPV
2 | 27 | 7 |7941%

Daubechie 3 26 7| 78,79%

4 | 26 | 7 |7879%

5 | 25 | 9 |7353%

2 | 26 | 7 |78.79%

3 | 27 | 7 |7941%

Symlet 4 | 26 | 9 |7429%

% 5 | 25 | 11 | 69.44%
1 | 24 | 9 |7273%

2 | 26 | 8 |7647%

Coiflet 3 | 25 | 10 | 71.43%

4 | 23 | 12 |6571%

5 | 23 | 12 |6571%

22 | 29 | 6 |82:86%

biorthogonal | 2,4 | 27 8 | 77,14%

35 | 25 | 10 | 71,43%
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