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Abstract

Computer aided techniques can assists radiologists in detecting microcalcification, a crucial evidence in
mammogram for the early diagnosis of breast cancer. A new approach is proposed in this work for early
detection of breast cancer by enhancing microcalcification features using selected zero-crossings of Contourlet
transform to enhance edges and to reduce image noise. Parent-child-cousin relationship among the contourlet
coefficients at various levels was employed to retain the strong edge information that corresponds to the
relevant features and to minimize the artifacts. Sensitivity, Specificity, contrast, Target to Background contrast
ratio, Contrast Improvement Index, Average Signal to Noise Ratio and Peak Signal to Noise Ratio parameters
are considered for performance evaluation of the enhancement algorithm. The mini-MIAS mammographic
image database was employed for testing the accuracy of proposed method and the results were promising
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INTRODUCTION reduce false positives and improve malignant

Breast cancer is one of the leading causes of cancer
death among women. According to the statistics in
2010, the expected casualty due to breast cancer is
about 39,840 (ACS, Cancer facts and figures, 2010),
even though there is decrease in death rates since
1990. The reasons for the decrease in death rate is
attributed to early detection of breast cancer through
screening, technological advancements and awareness.
X-Ray Mammography is widely acknowledged as the
single most effective low cost and highly sensitive
technique for detecting early breast cancer.
Mammaographic image analysis is a complicated and
difficult task which requires opinion of highly trained
radiologists. Detection of microcalcification is a
complex task because of the inhomogeneous
background and the high noise level in the images due
to emulsion artifacts. Microcalcifications are tiny,
granular, linear, or irregular deposits of Calcium
Phosphate Hydroxide which appear as bright white
spots with size ranging from 0.1-1.0 mm and an
average diameter about 0.3 mm (Li et.al., 1997). The
average micro calcification is roughly circular, and is
modelled as a circularly symmetric Gaussian function
(Strickland and Hahn, 1996). Microcalcifications in
mammograms are difficult to diagnose even for a
trained radiologist owing to their small size and
contrast with respect to the surrounding tissues.
Microcalcifications are detected in less than 50% of
mammograms with carcinomas (Duarte et al. 2011). In
order to improve the diagnostic accuracy and the
consistency of the interpretation of the radiologist,
adequate computational tools need to be designed.
Computer Aided Diagnostic (CAD) systems help to
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microcalcifications detection to improve the screening
programs (Stamatia, 2004). The purpose of our
method is to enhance suspected microcalcifications so
that early stage diagnosis and treatment can be done in
an effective manner.

PROPOSED METHOD

The proposed algorithm makes use of the multiscale
and directionality properties of the Contourlet
Transform by Minh Do et al (2001) to enhance
clinically important microcalcification features in
mammograms while suppressing artifacts such as
those due to emulsion discontinuity. The zero
crossings of the contourlet transform coefficients at
each level are made use of for the purpose of detecting
the microcalcification features. Zero crossings of the
Laplacian have traditionally been employed for
detecting edges in digital images. Since the Laplacian
operator responds to image noise as well, the image is
initially smoothed using a low pass function (Marr and
Hildreth, 1980).
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The output of the band pass filter in the LP filterbank
is inputted to the directional filters in the DFB, whose
impulse responses are oriented in different directions
(Minh Do, 2001). Thus the band pass arm of one
level of the contourlet transform consists of filters
with impulse responses which are combinations of
the bandpass filter in the LP and the directional filters
in the DFB. The figure 1 shows the combined
impulse responses of the Band pass arm of the LP
stage and the Directional filters in the DFB stage,
with a 4 level decomposition employed in the DFB,
i.e., 16 directional sub-bands.

The impulse responses were obtained by considering
a single white pixel centred in a black background of
dimension 256 by 256 as the input image. In figure 2,
the low pass filters employed at the LP stage are
derived from the PKVA filters (Phoong et al., 1995)
and the fan filters at the DFB stage are derived from
the BIOR 9, 7 filters (Vetterli and Herley, 1992). The
combined impulse response is oriented in different
directions as decided by the directional filters. As an
example, the combined impulse response of the band
pass arm of LP and the 8" directional filter in the
DFB is shown in figure 2, which is smooth enough,
to be modelled as the second derivative of a smooth
function, oriented in the direction of the impulse
response of the corresponding directional filter.
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Figure 2: Impulse response of a contourlet
coefficient

In such a case, the zero crossings in that direction, of
the contourlet coefficients in the corresponding
directional subband, locate the directional intensity
discontinuities of the image. An inverse contourlet
transform which keeps only the most significant
coefficients leads to image denoising(Do and
Vetterli, 2005).The features of an edge are described
differently in different directions and at different
resolution scales as decided by the level of the
Laplacian Pyramid at which the DFB decomposition
is performed. Coefficients at various scales are
strongly interdependent (Po and Do, 2006). Po and
Do describe the relationship between image features
that appear in the contourlet transform at different
scales using the parent, child, cousin and neighbour
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nomenclature. The relationship between the pixels is
as illustrated in figure 3.
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Figure. 3. Contourlet coefficient relationships.
Source: "Directional multiscale modeling of images
using the contourlet transform”, Po and Do

Clinically important microcalcification structures
form edge features which are present at more than
one level of resolutions in the contourlet
decomposition whereas edges due to image artifacts
are very fine structures that are significant at only the
finest resolutions. Accordingly, a zero crossing tree
is constructed based on the parent-child-cousin
relationship among pixels as in figure 4. The zero
crossings in each directional subband are found out
only in the direction of orientation of the directional
filter impulse response, to be included in the zero
crossing trees. The tree retains only those zero
crossings that propagate to the coarser levels of the
contourlet decompositions, while discarding those
zero crossings that exist only at the finer resolutions.
The contourlet coefficients on either side of the
selected zero crossings are boosted by a scale factor.
Thus the coefficients that correspond to significant
edge features including microcalcification features
are enhanced. The inverse contourlet transform step
is performed now with the modified directional
subband coefficients to obtain an enhanced image.
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Figure 4: Parent-child relatonships among the Contourlet Transform coefficients
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PERFORMANCE EVALUATION

In order to evaluate the enhancement results of the
proposed method, the contrast, contrast improvement
index (ClI), the peak signal-to noise ratio (PSNR),
average signal to noise ratio (ASNR) and Target to
Background Contrast (TB¢) (Li et.al, Xinsheng and
Xie, 1996, 2009) were employed.

RESULTS AND DISCUSSION

The mini-MIAS mammographic database by J
Suckling et al (1994) was employed for
benchmarking the proposed algorithm. The MIAS
database contains 322 images with 25 images having
microcalcification features, with 13 cases diagnosed
as malignant and 12 as benign. The proposed
algorithm was tested on the 25 images with
microcalcifications and the performance measures
were computed. For comparison purposes, the
performance of the proposed algorithm was
compared against a wavelet (BIOR 6.8) based
method (Vinu et al, 2001) and a fuzzy algorithm
(Hanmandlu and Jha, 2006) for medical image
enhancement. Three levels of the Laplacian Pyramid
with four levels of the Directional Filter Bank (i.e.,
16 directional subbands) at each level of the LP
decomposition were employed for the contourlet
decomposition of the mammogram images.
Contourlet coefficients obtained with the Mdb 245
image from the MIAS database are shown in figure 5.
The PKVA filters were employed for the Laplacian
Pyramid and BIOR 9, 7 filters were employed at the
DFB stage. The filters were selected since the
combined impulse response of the band pass arm of
the contourlet filter bank exhibited the necessary
property of being the double derivative of a smoothed
function. The directional subband coefficients on
either side of the selected zero crossings are boosted
by a factor of four.

The figure 6 a shows a 256 by 256 snippet of the
Mdb 245 image with suspected microcalcifications
distributed throughout. The figure 6 b shows the
enhanced images with the significant edge features
enhanced. The figure 6 ¢ shows the image obtained
after the inverse contourlet transform, with the coarse
subband at the third level replaced by a zero array. To
form this image, only those elements in the
directional subbands that lie on either side of the
selected zero crossings in the appropriate direction
(decided by the orientation of the directional filter for
that subband) are retained. This image shows the
location of the image pixels that contain significant
edge information including the segmented
microcalcification structures. The Karssemeijer’s
criterion (1992) was employed on the reconstructed
images obtained by suppressing the final coarse
subband, to check for the true and false positives and
negatives for microcalcification detection.
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Figure 5: Subbands of Mdb245 after 4-level

Figure 7 shows the reconstructed images obtained
after the inverse contourlet transform, including the
3" level coarse subbands (enhanced image) and
excluding the 3™ level coarse subband (location of
the significant edge features including suspected
microcalcification structures.). The results are shown
for the Mdb209, Mdb211, Mdb216 and Mdb249
images from the mini MIAS database. Mdb209 and
Mdb249 are mammograms with fatty-glandular and
dense glandular background tissue respectively. Both
contain well-defined malignant microcalcifications.
Mdb211 is a fatty glandular mammogram with a
difficult to detect microcalcification cluster. Mdb216
is a dense glandular one with widely distributed
calcifications.

The application of the proposed algorithm on the
mini  MIAS database resulted in an average
sensitivity of 97.54% and specificity of 96.8%
(Karssemeijer, 1992). Visual quality of the enhanced
images are obtained for the proposed approach and
the wavelet based and fuzzy approaches using the
TBc parameter as shown in table I. The contrast
obtained in the reconstructed images with the
contourlet, wavelet and fuzzy based methods are
compared in Tables 2 and 3 using the contrast and
contrast improvement index (CII) parameters. Tables
4 and 5 compare the performance of the algorithms
using the PSNR and ASNR parameters. There is a
significant improvement in the values of TBc,
Contrast and CII with the proposed method,
indicating that the enhanced image is visually
superior with a larger contrast, to those with the
methods to which it was compared. It is also evident
that among these three approaches the noise level of
the contourlet approach was the lowest (Table IV and
V).
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Figure 6:
mammogram image and (c) reconstructed image

(@) Original image (b) enhanced

To illustrate the hardware implementation potential
of the proposed method, the algorithm was
implemented on the Beagle Board xM Rev-A3
embedded platform. It delivers extra MIPS with a 1-
GHz ARM Cortex-A8 performance and extra
memory with 512MB of low-power DDR RAM.

Table I. Target to Background Contrast ratio (TBc)

TBc Contourlet Wavelet Fuzzy
Mdb209 0.280515 -0.00135 -3.41013
Mdb211 0.178124 -0.00209 -47.3139
Mdb222 0.072099 0.024534 -4.6899
Mdb236 0.702732 0.455136 -31.4411
Mdb238 0.282622 0.00132 -26.4828
Mdb249 0.206387 0.097057 -28.4409
Mdb256 0.137068 0.007254 -8.52906

Direct connectivity is supported by the on-board
four-port hub with 10/100 Ethernet, while
maintaining a tiny footprint. Beagle Board- xM
comes with a full set of open source tools. The
Beagle Board-xM runs a full Linux operating system
with desktop managers and office applications. The
algorithm took 83 seconds to run on the Beagle
Board xM on a 256 by 256 snippet of the
mammogram image.

Table Il: Contrast Measure

Contrast Original Contourlet Wavelet Fuzzy
Mdb209 | 0.106937 | 0.201508 | 0.069202 | 0.063316
Mdb211 | 0.084513 | 0.212484 | 0.083636 | 0.048624
Mdb222 | 0.036342 | 0.185643 | 0.067558 | 0.034559
Mdb236 | 0.196073 | 0.462895 | 0.354355 | 0.15098
Mdb238 | 0.084287 | 0.193415 | 0.084843 | 0.021629
Mdb249 | 0.117887 | 0.26146 | 0.168338 | 0.074112
Mdb256 | 0.045667 | 0.158948 | 0.049209 | 0.02004
Table I11: Contrast improvement index(ClI)

Cll Contourlet Wavelet Fuzzy
Mdb209 2.88722 0.991538 0.907201
Mdb211 2.514227 0.989633 0.575347
Mdb222 5.108214 1.858944 0.950931
Mdb236 2.533193 1.807265 0.770022
Mdb238 2.812478 1.0066 0.256613
Mdb249 2.140383 1.427964 0.628669
Mdb256 3.533625 1.077558 0.438826

Table V: Peak signal to noise ratio (PSNR)

PSNR Original Contourlet Wavelet Fuzzy
Mdb209 | 2.402914 | 4.32857 | 2.445207 1.0233
Mdb211 1.8197 3.995398 | 1.809929 | 0.686952
Mdb222 | 1.006014 | 5.041277 | 2.82121 | 0.623447
Mdb236 | 1.660175 | 4.210811 | 2.743644 | 0.894037
Mdb238 | 1.840337 | 3.150702 | 1.851586 | 0.515451
Mdb249 | 3.541907 | 8.157112 | 5.472717 | 1.32513
Mdb256 | 3.463326 | 9.520961 | 6.190374 | 0.576861

Table IV: Average signal to noise ratio  (ASNR)

ASNR Original Contourlet Wavelet Fuzzy
Mdb209 | 1.550058 | 1.749644 | 1.686065 | 0.303705
Mdb211 | 0.648488 | 0.672507 | 0.653682 | 0.064925
Mdb222 | 0.338292 | 1.605198 | 1.540752 | 0.013724
Mdb236 | 0.957858 | 1.729344 | 1.163713 | 0.12835
Mdb238 | 1.091019 | 1.19858 | 1.097519 | 0.338063
Mdb249 | 1.043308 | 1.839022 | 1.701959 | 0.112665
Mdb256 | 1.826103 | 5.055932 | 4.439355 | 0.162069
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Figure 7: The enhancement and segmented results of microcalcifications on selected ROI’s : (a)(d)(g)(j) original
ROI, (b)(e)(h)(k) enhancement by the contourlet approach (c)(f)(i)(l) segmented microcalcifications

CONCLUSIONS

In this paper, selected zero crossings of the contourlet
coefficients were employed for mammographic
image enhancement. Directional subband coefficients
on either side of the selected zero crossings in the
zero crossing tree, in the direction of the
corresponding directional filter, were boosted, while
the zero crossings that exist at only the finest scales
were suppressed. Relevant edge features including
microcalcification structures were enhanced while
image artifacts that exist at only the finest scales were
suppressed. Quality measures including sensitivity,
specificity, Contrast, CIl, PSNR, ASNR and TBc
were calculated to determine the efficiency of the
proposed method. The hardware implementation
potential of the algorithm was verified by
implementing it on the Beagle Board xM board and
the results were promising.
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