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Abstract Mammography is the most efficient technique for
detecting and diagnosing breast cancer. Clusters of micro-
calcifications have been mainly targeted as a reliable early
sign of breast cancer and their earliest detection is essential
to reduce the probability of mortality rate. Since the size of
microcalcifications is very tiny and may be overlooked by
the observing radiologist, we have developed a Computer
Aided Diagnosis system for automatic and accurate cluster
detection. A three-phased novel approach is presented in
this paper. Firstly, regions of interest that corresponds to
microcalcifications are identified. This can be achieved by
analyzing the bandpass coefficients of the mammogram
image. The suspicious regions are passed to the second
phase, in which the nodular structured microcalcifications
are detected based on eigenvalues of second order partial
derivatives of the image and microcalcification pixels are
segmented out by exploiting the foveal segmentation in
multiscale analysis. Finally, by combining the responses
coming out from the second order partial derivatives and
the foveal method, potential microcalcifications are detected.

The detection performance of the proposed method has been
evaluated by using 370 mammograms. The detection method
has a TP ratio of 97.76 % with 0.68 false positives per image.
We have examined the performance of our computerized
scheme using free-response operating characteristics curve.
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Introduction

Breast cancer is the most common type of cancer among
women and it is the second leading cause of cancer mortal-
ity. Besides skin cancer, breast cancer is the most commonly
diagnosed cancer among American women [1]. According
to a statistical report by the National Cancer Institute of
United States, it is estimated that 230,480 women in the
USA were diagnosed, out of which 39,520 women are
expected to die of breast cancer in 2011 [1]. The screening
mammography is the most widely used technique for detec-
tion of breast cancer. The routine screening of mammogram
is evaluated as a probable option to detect the earliest signs
of cancerous growth [2]. The mortality rates of women
under the age of 50 have been steadily decreasing since
1990. This decrease is surmised to be the result of the
advances in treatment and earlier detection through screen-
ing. Thus, early detection and adapting modern methods of
treatment for breast cancer can significantly improve the
survival rate of victims.

Currently, X-ray mammography is widely observed as
the efficient imaging modality for early detection of abnor-
mality. The earliest sign of breast cancer is microcalcification,
which is nodular in structure with high intensity, localized or
broadly diffused along the breast areas. Microcalcifications
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are tiny bits of calcium deposits present in the breast tissue and
they appear as clusters or in patterns associated with extra cell
activity in breast region. The detection of microcalcification at
an early stage is a challenging task to radiologists and a few of
the clusters could not be detected by them due to their impal-
pable size [3]. The detection sensitivity of radiologists in
microcalcification detection is 70–90 % and sensitivity
depends on their experience [4]. Therefore, a Computer Aided
Diagnosis (CAD) system for breast cancer detection on mam-
mogram has been developed to improve the diagnostic rate.
By incorporating the expert knowledge of radiologists, the
CAD system can be made to improve the detection accuracy.
Most of the researchers have proposed numerous methods
based on wavelet transform, which is an efficient transform
for analyzing the image hierarchically on the basis of scale. A
wide range of algorithms have been proposed, intended to
develop a CAD system using fuzzy logic method, artificial
neural network, and genetic algorithm [5–7].

The microcalcifications appear as high frequency com-
ponents in frequency domain and can be detected by
frequency-based algorithm. Wang et al. have proposed an
algorithm for microcalcification detection in digital mam-
mograms based on wavelet subband decomposition [8]. In
their method, detection is achieved by decomposing a mam-
mogram into different frequency subbands, suppressing the
low-frequency subband and finally reconstructing an image
from the subbands containing only high frequencies. The
reconstructed image contains microcalcifications additional-
ly with some other structures, which have high frequency.
Mencattini et al. [9] applied dyadic wavelet transform for
enhancement of the mammogram and Nawazish et al. [10]
extracted DWT features from mammogram in multiresolu-
tion analysis for detection of the suspicious areas in mam-
mograms. Wavelet tool is effective to extract all high
frequency informations, but it failed to classify the calcifi-
cations with high frequency tissues in the mammograms.
Therefore, detecting only the microcalcification clusters is
an important task and it can be efficiently done by introducing
the structure information of microcalcifications in multiscale
analysis [11].

Multiscale analysis was implemented for detection and
classification of various size objects in the images. Such
approaches have been developed by Frangi et al. [12], Sato et
al. [13], Zhou et al. [14], and Panayiotis et al. [15]. They used
Hessian matrix for vessel structures enhancement combined
with multiscale analysis. Yu and Zhao [16] and Agam et al.
[17] developed an algorithm to detect nodule structures on CT
Images. They used Gaussian kernels of varying standard devi-
ation for detecting local structures of images. In our CAD
system, we employed a filter bank based on the Hessian matrix
for distinguishing nodular structures and linear structures.

The technique that is used to find the objects of interest is
referred as segmentation, which is achieved by a method

called thresholding. Kom et al. [18] used local adaptive
thresholding technique to segment the suspicious regions.
A threshold value is calculated according to the neighbor-
hood of the corresponding pixel and based on this threshold
value, abnormal regions are segmented. Zhang and Desai
[19] combined adaptive thresholding with multiresolution
representation for segmentation of objects. Sahba et al. [20]
used thresholding method based on fuzzy sets type II to
highlight the microcalcification spots. Hu et al. [21] used
probability density function with adaptive local thresholding
on a multiresolution representation to segment suspicious
lesions on mammograms. Existing dynamic thresholding
methods did not succeed to segment the targets when objects
and the background regions expressed small gray level varia-
tion. Therefore, we have used adaptive foveal thresholding
method in multiscale analysis for the improvement of abnor-
mality detection in the breast areas. The various dimensions of
calcification are identified based on multiscale analysis.

Many researchers have developed a CAD system to detect
calcifications based on wavelet transform, fuzzy logic, neural
networks, genetic algorithm, and adaptive thresholding tech-
niques. In their methods, the microcalcification clusters can be
efficiently detected, but the tissues which appeared similar to
calcifications are also detected. Therefore, the numbers of
false positives are quite high in existing methods. It might
be possible to reduce false positives by introducing the struc-
ture information of microcalcification into the multiscale anal-
ysis. The CAD system proposed by us has the potential to
detect microcalcification clusters with high sensitivity and low
false positives.

Materials and Methods

Mammogram Database

Our database consisted of 335 mammogram images having
both craniocaudal (CC) and mediolateral oblique (MLO)
projection view from UCSF, MIAS, and DDSM. Two hun-
dred of them contained one or more microcalcification clus-
ters that were annotated by radiologists, adding the total
number of clusters to 242 (73 malignant lesions and 169
benign lesions), while 135 mammograms had normal
images. The UCSF and MIAS database have 197 and 50
images, of which total number of microcalcification clusters
is 174 (UCSF—142, MIAS—32) and the size of each mam-
mogram is 1,024×1,024 pixels. The DDSM database was
obtained from the local cancer institute with 88 images, out
of which 56 were abnormal and 32 were normal. The
abnormal images contain between 1 and 3 clusters per
image and the total number of microcalcification clusters
is 68 in DDSM database, which was previously proven by
biopsy.
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ROI Detection

The suspicious regions in the mammograms are identified by
using proposed bandfrequency based histogram technique.
The bandpass image of the mammogram is used to classify
the region encircling the microcalcification clusters. In order to

distinguish the suspicious areas from normal areas, we per-
formed a simulation using two data sets. The two regions with
and without microcalcification clusters are selected anywhere
from the bandpass frequency of the mammogram images. The
size of each region is 30×30 pixels square area and histograms
of both regions are determined. The cumulative histogram of

Fig. 1 a Cumulative histogram
of region with microcalcifications.
b Cumulative histogram of
region without microcalcifications

Fig. 2 ROI detection. a
Mammogram image. b
Suspicious regions marked
on mammogram
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each set is the average of the histograms of 45 regions with a
microcalcification cluster and 35 regions without microcalci-
fication cluster are shown in Fig.1(a, b). The distribution of
right hand tail and left hand tail is more different in micro-
calcification region when compared to normal region. The
difference between the end of left and right hand tail of the
histogram is used to identify the suspicious regions.

The detection approach of suspicious ROI is as follows:
The mammogram image is decomposed into different fre-
quency subbands by an undecimated wavelet transform
(filter bank implementation without sampling operator).
The same resolution is retained at all subbands, so the size
of the resulting subband images is the same as the original
image. The 30×30 pixels square mask is moved on horizontal

detailed subband and the difference between the maximum
positive coefficient (V+

max) and the maximum negative coef-
ficient (V−

max) is computed at each displacement.
Estimation of distance between tail end of histogram of

each square region is given by

VR ¼ Vmax
þ

�� ��� Vmax
�

�� �� ð1Þ

The regions in the mammogram having VRj j > Th are
identified as suspicious regions. A suitable threshold Th has
been chosen for accurate detection. A better classification is
obtained while Th is set as 6.5.

Figure 2(a) shows a mammogram image of size 2,370×
1,770 pixels with resolution of 50 μm/pixel was obtained

Fig. 3 a Region with microcalcifications clusters. b The line on image c–d eigenvalues-1 from scale 1 to 2 e–f eigenvalues-2 from scale 1 to 2
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from Digital Database for Screening Mammography
(DDSM) database. Figure 2(b) shows the suspicious regions
marked by the proposed technique. It is found from Fig. 2
that the regions which do not contain microcalcifications are
also marked as suspicious ROI. Therefore, the proposed
approach based on eigenvalues of the Hessian matrix and
foveal segmentation can significantly increase the diagnos-
tic accuracy. A 128×128 pixels square area has been chosen
as ROI size and the suspicious ROIs are extracted from the
original mammogram image. The suspicious ROI contains
calcifications additionally with high frequency shot noise.
The shot noise is reduced by a traditional wavelet based
denoising scheme [22]. In our approach, simple Donoho
threshold [23] is used to suppress the noise.

Hessian Matrix

The Hessian matrix is used to identify characteristics of local
shape and various structures in an image. The Hessian matrix
is a square matrix and has second order partial derivates of a
scalar-valued function. In the case of microcalcification de-
tection, the function is a two-dimensional image.

The Hessian matrix is given by

H ¼ Sxx Sxy

Syx Syy

� �
ð2Þ

The Hessian matrix is a symmetric matrix, where the
second order partial derivative Syx is the same as Sxy.

Fig. 4 a Region without microcalcifications clusters. b The line on image c–d eigenvalues-1 from scale 1 to 2 e–f eigenvalues-2 from scale 1 to 2
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Therefore, the computation complexity of Hessian matrix is
reduced by using this property. The partial derivatives are
expressed as intensity variation in horizontal and vertical
directions.

The second order partial derivative of image S is computed
by

@

@x

@S

@x

� �
¼ Sxx;

@

@y

@S

@y

� �
¼ Syy;

@

@x

@S

@y

� �
¼ Sxy ¼ Syx ð3Þ

The eigenvalues of the Hessian matrix provide the struc-
ture information of the image and these values state the local
intensity variation in the direction of the associated eigen-
vectors v1 and v2. The associated eigenvalues are l1 and l2
with l1j j > l2j j

The eigenvalues are computed by

vT1Hv2 ¼ diag l1; l2½ � ð4Þ

The multiscale analysis is used to identify small and large
size calcifications in the mammogram. In order to study the
relation between eigenvalues of the Hessian matrix with
different structures of the image in multiscale analysis, we
selected two regions from the mammogram and simulated.
A single row on the mammogram image was taken, which
contained microcalcifications. Figure 3 shows that the line
of image contains two sharp peaks which indicate micro-
calcification cluster and other samples which indicate back-
ground information. Multiscale analysis was applied to the
line of image, where scale increases and the magnitude of
eigenvalues at calcifications reduce, but it is not less than
zero. Figure 3(c–f) show eigenvalues of the Hessian matrix
for this line at different scale. However, the eigenvalues at
edges of the calcifications are positive values and at the
center are large negative values. The eigenvalues of back-
ground informations are random values where scale increases
the values close to zero.

The other line which does not contain calcifications was
selected randomly in the mammogram is shown in Fig. 4.
The two eigenvalues for this line are small random values
and do not have large negative values in each scales. There-
fore, microcalcification clusters can be detected accurately
by using eigenvalues of the Hessian matrix.

The various sizes of microcalcifications can be detected by
using multiscale approach. Panayiotis et al. [15] used Gaussian
kernel as smoothing function and here we have proposed
smoothing filter with filter bank based on Hessian matrix for

Fig. 5 Filter bank for computing eigenvalues of Hessian matrix

Fig. 6 Filter bank obtained by iterating the smoothing response
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multiscale analysis. The unwanted artifacts and background
noise are suppressed when the image gets smoother.

The first order and second order partial derivatives of a
function f(x) are given by

@f

@x
¼ 1

2
ðf ðxþ 1Þ � f ðxÞÞ ð5Þ

@2f

@x2
¼ 1

4
ðf ðxþ 1Þ þ f ðx� 1Þ � 2f ðxÞÞ ð6Þ

The z transform of these derivatives are given by

HFD zð Þ¼ 1

2
z1 � 1
� � ð7Þ

HSD zð Þ¼ 1

4
z1 þ z�1 � 2
� � ð8Þ

Let H be the Hessian matrix from Eq. (2), the Hessian
matrix expresses the second order intensity variation around
the pixel [24]. The Sxx and Syy are second order partial
derivatives in horizontal (rowwise) and vertical (columnwise)
direction, Sxy is first order derivative in horizontal followed by
vertical direction. Smoothing filter is an averaging filter
which is used to blur the image and weaken high frequency
structures. The smoothing filter reduces the sharp intensity
variation in the image. This filter is also referred to as approx-
imation filter.

We employed the second order averaging filter

HAV zð Þ¼ 1

4
z1 þ z�1 þ 2
� � ð9Þ

The response obtained by the smoothing filter is the
average value of the immediate neighborhood of the pixel.

Figure 5 shows a filter bank which is designed based on
Hessian matrix. S0f is an original image, the smoothed
image (S1f) is obtained by applying second order average
filter in the horizontal direction followed by vertical, S1

yyf is

obtained by applying second order derivative filter in verti-
cal direction, S1

xxf is obtained by applying second order
derivative filter in horizontal direction and S1

xyf is obtained
by applying first order derivative filter in horizontal direc-
tion then in vertical direction. S1

yx is same as S1
xy, therefore

it is not necessary to compute S1
yx using filter.

The multiscale representation is achieved by iterating the
smoothed image according to Fig. 6. The image gets
smoothened and the details in the image are suppressed at
each scale. The 2j is usually utilized for the order of z at
scale j in order to obtain more detailed information at each
scale. The filter HAV(z

j), HSD(z
j), and HFD(z

j) is the 2j scale
dilation of HAV(z

0), HSD(z
0), and HFD(z

0). The 2j scale
dilation means placing (2j−1) zeros between the original
coefficients. The original coefficients are computed accord-
ing to Eqs. (7, 8, and 9). If the size of the input image S0f is
M×N pixels then smooth image at each scale (2j) retains the
same size.

The eigenvalues of the Hessian matrix for each
pixel of an image at different scale are computed, the

Fig. 7 a Part of mammogram.
b Bithresholded image

Fig. 8 Windows for foveal segmentation
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abnormalities are identified according to the following
decision rule:

HD
j x; yð Þ ¼ 1 lx;y1;j < Nv; lx;y2;j < 0

0 otherwise

�
ð10Þ

In this rule, Hj
D is a resultant binary image, lx;y1;j ; l

x;y
2;j are

the eigenvalues of the Hessian matrix of pixel coordinate (x,y)
at scale j. Nakayama et al. [11] used the condition λ1, λ2<0 in
multiresolution representation for detection of the microcalci-
fication nodules. Their method additionally detects unwanted
high frequency nodules. It is found from Fig. 3(c–f), the

eigenvalues at calcifications are decreased (negatively) in
every scale. Therefore, Nv value is varied at each scale for
improving diagnostic accuracy. We have found from various
experiments that the optimal value Nv0−4 (Scale 1) provides
the best detection results. At each scale, Nvj jvalue is decreased
by one. The areas having λ1, λ2 satisfy the above conditions
and are marked as suspicious areas.

Proposed Algorithm with Foveal Segmentation

Thresholding is the one of the obvious methods to segment
the target objects from the image. Figure 7(a) shows a part

Fig. 9 a Suspicious region image. b–d Binary results obtained by eigenvalues of Hessian matrix. e–g Binary results obtained by foveal algorithm.
h–j Combined results. k Final resultant image. l Resultant image indication on mammogram image
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of the mammogram image with microcalcification clusters
and Fig. 7(b) shows the binary threshold of the same image.
It is easier to distinguish target objects against dark back-
ground rather than light background. The visual perception
of tiny objects over denser background is even more difficult
because objects are embeddedwith a neighborhood of objects.
The global threshold technique is used to segment the objects
against their background. But the determination of the thresh-
old value is complex to the threshold-based algorithms. The
clusters of microcalcification appear in the mammogram as
bright spots and almost 5 % of the pixels cover the entire
microcalcification clusters in the mammogram image. We
used dynamic threshold technique instead of global threshold
to improve the efficiency of microcalcification detection.

Linguraru et al. [25] proposed foveal segmentation for micro-
calcification detection. We have slightly modified their algo-
rithm, so that the modified algorithm detects different sizes of
calcifications present in the mammogram. We have proposed
multiscale based foveal segmentation for achieving high
detection sensitivity.

The algorithm comprises the following steps. The set of
average pixel intensities of object window (μ0), its small
window neighborhood (μSW), and large window neighbor-
hood (μLW) are computed according to Fig. 8. The average
pixel intensity of the small window neighborhood (μSW) is
calculated from pixels within the small window excluding
the object and the large window pixels. Similarly, average
pixel intensity of the large window neighborhood (μLW) is

Fig. 10 a Normal region image. b–d Binary results obtained by eigenvalues of Hessian matrix. e–g Binary results obtained by foveal algorithm. h–
j Combined results. k Final resultant image
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calculated within large window only except the pixels of
object, small window and background. The size of the small
window is double the size of the object window and the
large window size is thrice the size of the object window.

The microcalcifications appear as subtle bright spots of
sizes between 0.6 and 2 mm in the digital mammograms.
Therefore, initial object kernel size is a 5×5 pixels square
matrix, which is sufficient to detect the small microcalcifi-
cations in the mammogram. The object window size is
incremented by one at each scale for the detection of diverse
size microcalcifications accurately. In Lingaguru et al. [25]
method, the kernel size of the object is constant for all
mammogram images.

Perceivable contrast of a pixel is computed by

Cp x; yð Þ ¼ μ0 � μSW μ0 > μSW

0 Otherwise

�
ð11Þ

μ0 is average pixel intensity value of object window
centered at pixel coordinate (x,y) and μSW is average pixel
intensity value within the small neighborhood except the
pixels in the object window. The pixel that has perceivable
contrast is greater than adaptive threshold and is identified
as microcalcification pixel.

The adaptive threshold TH(x,y) is calculated by

TH x; yð Þ ¼ 0:808þ Kð Þ2 μLW > μSW

0:808þ μSW
K

� �2
μSW > μLW

(
ð12Þ

where K ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:923μSW þ 0:077μLW

p
is found from litera-

ture [26], which is used to reduce false positives in the
mammogram.

Let binary image F be the segmentation result

F x; yð Þ ¼ 1 Cp x; yð Þ � l:TH x; yð Þ
0 otherwise

�
ð13Þ

where l is a bias thresholding constant with its value
between zero and one. We found by trial and error basis

that l ¼
ffiffiffiffiffiffiffiffiffiffiffi
σ Syyfð Þ

p
140 gives good detection of microcalcification,

where σ Syyfð Þ is the standard deviation of second order
partial derivative of the corresponding image.

The above segmentationmethod is combinedwith themulti-
scale analysis that allows for finding various sizes of micro-
calcifications. In the previous section, we have developed a

Table 1 TPs and FPs detected by the proposed method

Database Number
of images

Number of
abnormal images

Number of
normal images

Number
of clusters

TP
detected

Number of FPs
from entire images

TP ratio %
with FPs

MIAS Database 50 27 23 32 31 24 96.87 % with
0.48 FPs

UCSF 197 117 80 142 140 144 98.59 % with
0.73 FPs

DDSM with
50 μm/pixel

88 56 32 68 66 68 97.05 % with
0.77 FPs

Total images 335 200 135 242 237 236 97.93 % with
0.70 FPs

Fig. 11 The comparative FROC curves for microcalcifications detec-
tion. The clusters were selected from UCSF, MIAS, and DDSM data-
base with resolution of 50 μm/pixel

Fig. 12 The comparative FROC curves for microcalcifications detec-
tion. The clusters were selected from DDSM database with resolution
of 42 μm/pixel
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filter bank based on multiscale analysis. The foveal segmenta-
tion method is applied to the approximation image (Sjf) and the
suspicious pixels are marked at each scale according to Eq.
(13). The set of binary images are obtained by using both
Hessian matrix and foveal segmentation in multiscale analysis.

We proposed the following condition for achieving
microcalcification detection

Mj x; yð Þ ¼ S x; yð Þ HD
j x; yð Þ ¼ 1; Fj x; yð Þ ¼ 1

0 otherwise

�
ð14Þ

S is an original mammogram image; Hj
D and Fj are binary

images at scale j obtained by Eqs. (10) and (13).We combined
the response (Mj) obtained by the multiscale filter at different
scales to obtain a final detection of microcalcification which is

Mdet ¼ max Mj

� �
1�j�J ð15Þ

In this rule, J is the maximum scale, which can be chosen
to detect large size calcifications. We performed experimen-
tal tests on 242 suspicious ROIs with microcalcification
cluster. We have found from the results that J02 gives good
results for 161 ROIs and J03 gives good results for 81
ROIs. The J value depends upon the size of calcifications.

Results

The abnormal ROIs of the mammogram are identified by
bandfrequency based histogram technique. Figure 9(a)
shows a 128×128 pixels abnormal ROI, Fig. 9(b–d) shows

the binary responses are obtained by Hessian matrix and
Fig. 9(e–g) shows the thresholded images are obtained by
foveal segmentation method. Figure 9(h–j) shows the image
responses obtained according to Eq. (14) and a final resultant
image obtained according to Eq. (15) as shown in Fig. 9(k). In
Fig. 9(l), the microcalcification clusters are indicated on the
mammogram image.

We have tested our proposed algorithm in the suspected
region (a region which does not contain calcifications, but it
is marked as suspicious region by bandfrequency based
histogram technique) as shown in Fig. 10(a). The final
resultant image (Fig. 10(k)) contains no information, so
the proposed approach based on eigenvalues of the Hessian
matrix and foveal segmentation can efficiently detect the
microcalcification clusters.

The Free-Response Operating Characteristic (FROC)
curve is used to evaluate the performance of microcalcifica-
tion detection methods. This plot provides true-positive detec-
tion ratio (TP) versus the average number of false positives
(FPs) per image. The TP ratio refers to the percentage of
microcalcifications that are truly detected and FP numbers/
image refers to normal regions that are wrongly marked as
abnormality by the proposed algorithm. We performed FROC
analysis for 335 images that contained 242 microcalcification
clusters, of which 237 clusters were detected correctly and 5
clusters were missed due to dense background. From 335
images (abnormal and normal images) out of 236 normal
regions weremistakenlymarked as suspicious regions. Hence,

true positive rate Total number of TPs
Total number of clusters

	 

of our CAD system is

Table 2 TPs and FPs detected by the proposed method

Database Number
of images

Number of
abnormal images

Number of
normal images

Number
of clusters

TP
detected

Number of FPs
from entire images

TP ratio %
with FPs

MIAS Database +
UCSF + DDSM
with 50 μm/pixel

335 200 135 242 237 236 97.93 % with
0.70 FPs

DDSM with
42 μm/pixel

35 24 11 27 26 18 96.29 % with
0.51 FPs

Total images 370 224 146 269 263 254 97.76 % with
0.68 FPs

Table 3 Comparison of TPs and FPs of various detection methods

References Number of images
(abnormal+normal images)

Number of
clusters

Number
of TPs

Number
of FPs

True positive ratio
with FP/image

Wang et al. [8] 370 269 218 352 81.04 % with 0.95 FPs

Hu et al. [21] 370 269 252 307 93.68 % with 0.83 FPs

Linguraru et al. [25] 370 269 257 271 95.53 % with 0.73 FPs

Mohanalin et al. [27] 370 269 260 249 96.65 % with 0.67 FPs

Proposed approach 370 269 263 254 97.76 % with 0.68 FPs

The clusters were obtained from MIAS, UCSF, and DDSM database with resolution of 50 and 42 μm/pixel
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97.93 % (237/242) with a false positive rate of 0.704 (236/
335). Table 1 shows the number of TPs and FPs detected by
the proposed method.

We performed a comparison of our algorithm with the
detection algorithm that was proposed by Mohanalin et al.
[27] and Hu et al. [21]. Mohanalin et al. employed iterative
thresholding technique by using Tsallis entropy and type II
fuzzy index. They have used a type II fuzzy set for optimal
thresholding. Hu et al. used a combination of a coarse seg-
mentation and a fine segmentation, to segment suspicious
lesions in multiscale analysis. The global threshold was se-
lected from the derivative Probability Density Function of the
image and it is utilized to segment the bright objects in the
mammogram. Later, they have used window based adaptive
thresholding to produce precise segmentation results. But both
algorithms failed to segment various sizes of microcalcifica-
tions. We compared three algorithms by conducting FROC
analysis for 335 images of 50 um/pixel resolution that
contained 242 microcalcification clusters, of which 237 clus-
ters were detected by the proposed method, 235 clusters were
detected by Tsallis entropy method and 229 clusters were
detected by Kai Hu method. The number of false positives
obtained by proposed method, Tsallis entropy, and Kai Hu
method were 236, 231, and 282. Therefore, the proposed
method has the TP ratio of 97.93 % (237/242) with 0.70
(236/335) Fps per image, Tsallis entropy method has TP ratio
of 97.11 % (235/242) with 0.69 (231/335) Fps per image, and
Kai Hu method has TP ratio of 94.62 % (229/242) with 0.84
(282/335) Fps per image. Figure 11 demonstrates the superi-
ority of our algorithm using FROC curve.

We used a small set of images obtained from another
DDSM database from the local cancer institute consisting of
35 images with a resolution of 42 μm/pixel for comparison.
In this collection, 24 images are abnormal images and 11
images are normal. Twenty-four mammograms contained
one or more microcalcification clusters, which were anno-
tated by a radiologist. The total number of microcalcification
clusters was 27 (3 malignant lesions and 24 benign lesions).
Out of 27 clusters, 26 clusters were detected correctly and 18
normal regions were mistaken for abnormal ones by the
proposed method. The TP ratio of the proposed algorithm is
96.29 % (26/27) with the number of false positives per image
is 0.51 (18/35). The Tsallis entropy method achieves TP ratio
of 92.59 % (25/27) with 0.51 (18/35) FPs and Kai Hu method
achieves TP ratio of 85.18 % (23/27) with 0.71 (25/35) FPs
per image. The FROC curve for this comparison is shown in
Fig. 12. The top line in the curve clearly indicates that the
detection performance of the proposed algorithm is superior to
conventional algorithms at different resolution of images. We
analyzed our proposed approach with various detection meth-
ods in connection with the labeling of an experienced radiol-
ogist. Tables 2 and 3 summarize the performance of the
proposed approach with existing algorithms.

Discussion and Conclusion

In this paper, we have developed a CAD scheme to assist the
radiologists for accurate microcalcification clusters detec-
tion in digital mammography. The proposed approach is
efficient for detecting clusters of various dimensions. The
proposed algorithm operates in several stages. First, the
suspicious regions in the digitized mammogram are detected
by bandfrequency based histogram technique. The 128×
128 pixels square regions have been selected as abnormal
ROIs from the mammogram. Then the insignificant high
frequency noise in the abnormal ROIs is suppressed by
traditional wavelet denoising scheme. We have designed a
filter bank based on the Hessian matrix for computing
second order partial derivatives of a mammogram image.
The microcalcification structure is classified based on the
eigenvalues of the Hessian matrix and the potential micro-
calcification pixels are distinguished against their back-
ground by adaptive thresholding technique (foveal) in the
multiscale analysis. Finally, the microcalcifications are
detected by a combination of the two methods. The pro-
posed method achieves TP ratio of 97.76 % with 0.68 FPs.
The strength of the proposed approach is that it detects
various sizes of microcalcification clusters accurately by
using multiscale filter without affecting their shapes. The
limitation of our approach is that it failed to detect clusters
accurately in dense mammogram especially in young women
breast tissues. The normal tissues which appear as localized
bright spots and nodular in structure are also detected by our
computerized scheme. The ultimate goal of any CAD system
is to reduce false positives in the detection process. In future,
our study will focus on the texture features of microcalcifica-
tion clusters to find out a better way to reduce false positives.
The stage explains the extent of the cancer in the breast areas
and it is based on the size of microcalcifications. It is an
important factor to determine the treatment to be given to
the patients. The number of the eigenvalues (λ1, λ2) of
Hessian matrix less than zero are increased when the size of
the microcalcification is increased. The work which is cur-
rently under development is aimed to compute the size of each
microcalcification to assist clinical diagnosis.
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