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ABSTRACT

While microcalcifications (MCs) are important early signs of breast
cancers, their reliable detection from mammograms has been largely
elusive for both radiologists and computer-aided diagnosis (CAD)
strategies. Two of the essential components in a CAD system
are the detection of the suspicious MC pixels/regions using im-
age processing and analysis techniques, and the training, classifi-
cation, and recognition of these areas based on pattern recognition
methods. In this paper, we present a novel scheme to identify and
classify microcalcifications based on localized texture comparison.
Relying on a texture removal and repairing (R&R) process of the
preselected suspicious areas from their surrounding background
tissues, pre- and post- R&R local characteristic features of these
areas are extracted and compared. A modified AdaBoost algorithm
is then adopted to train the classifier using expert-labelled micro-
calcifications, followed by a clustering process. Experiments with
the mammographic images from the MIAS and DDSM databases
have shown very promising results.

1. INTRODUCTION

Microcalcifications are the earliest signs of breast cancers, ap-
pearing in mammographic images as small (0.05-1mm in diame-
ter) and bright spots embedded within non-stationary backgrounds
[11] (see examples in Fig. 1). Reliable MC detection has been
sofar an extremely difficult task because of the projection nature
of mammogram, the low image contrast in high tissue density re-
gions [17], the varying shapes of the legions, the blurred margins
of the MCs, and the different types of noises caused by the x-ray
imaging and digitization processes. Computer-aided detection and
diagnosis (CAD) schemes, based on computer vision and pattern
recognition strategies, have been developed to improve the detec-
tion rate and to reduce the false positives.

Mammogram analysis in general, and MC detection in partic-
ular, can be divided into three sequential steps: the enhancement of
image features, the localization of suspicious areas, and the train-
ing and classification of these areas [7]. Once images are prepro-
cessed, i.e. the breast is segmented from the background, various
filtering techniques have been popular in recent studies for the sus-
picious area localization, including wavelet transforms [14], Gabor
filters [4], optimal filters [10], and nonlinear morphological oper-
ations [3]. Normally, after locating these suspicious areas, salient
image features are extracted for further recognition. Existing train-
ing and classifying techniques for MC detection include artificial
neural networks [5], support vector machine [8], association rule-
based classifier [18], etc.
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Fig. 1. Mammographic images (cut from the original images):
microcalcification legions (left two) and normal tissues (right two).

These existing methods typically compare various image fea-
tures of the extracted suspicious areas to those of the entire image.
However, from the observations that normal tissues far away from
the MCs are often of little relevance to the materialistic changes of
the MCs, we believe that the comparison between the local charac-
teristic features, when properly extracted, of the suspicious tissues
and their surrounding tissues, are of particularly great importance
for proper MC detection. This motivates us to develop a new ap-
proach to make direct texture comparison between a suspicious
area and its localized neighborhood through a texture removal and
repair process. The resulting features are then trained and classi-
fied with a modified AdaBoost algorithm.

2. METHODOLOGY

The overall flow of our MC detection scheme is shown in Fig. 2.
In this paper, we focus on the recognition of individual microcal-
cifications based on localized texture comparison.

2.1. Preprocessing

The goal of the preprocessing is to segment the breast area from
image background, to remove certain noises, to mark suspicious
MC pixels, and to generate the suspicious MC blobs (see [17]).
Because any mammographic image consists of breast tissues
and background area, its image intensity histogram is typically bi-
modal. It is thus quite easy to select a proper threshold I to
separate the breast tissues from the background by searching the
middle point between two modal peaks in the histogram. Further,
it has been observed that local image contrast is a suitable mea-
surement for discrimination of the suspicious MC pixels within
an image. Since the contrast of microcalcifications in relatively
darker area is actually larger than that of brighter area [11, 17], the
lower bound of the MC contrast should be a function of the back-
ground intensity. We have used the profiles of the multi-orientation
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Fig. 2. System flowchart.

image scanlines (horizontal, vertical, diagonal, and anti-diagonal)
to obtain pixel contrast, which is evaluated as the minimum of the
two difference values from the peak to the left and right valleys
(Fig. 3 shows an example of the scanline and the pixel contrast
analysis). In order to obtain the discriminant functions of contrast
and image intensity, a training process posed as an optimization
problem is needed.

Suspicious MC blobs is generated from the marked suspicious
MC pixels using morphological operations. A blob is discarded
if its size is larger than an area threshold, W,, x Wy,, which is
dependent on the image resolution.

2.2. Recognition of Individual Microcalcification
2.2.1. Blob Removal and Repair: Local Texture Inpainting

As mentioned earlier, it is not sufficient to use image features from
the suspicious MC blobs alone for classification and recognition,
as most existing efforts have done sofar. Rather, the differences
between an MC blob and its immediate neighbor are of paramount
importance for reliable MC classification and recognition.

Since normal breast tissues exhibits continuous image texture
properties, any void of the normal tissue, especially if it is of small
size, can be theoretically recovered, to certain extent, from its sur-
rounding tissues. Thus, if we remove a suspicious MC blob from
the mammogram and use local texture inpainting technique to re-
pair the void, and then compare the image textures between the
pre- and post-repaired blob, we can get direct measurements on
the differences between the blob and its surrounding normal tis-
sues on the same scale. If the blob is a microcalcification, it would
not be able to be recovered by the surrounding normal tissues, and
thus the difference would be substantially different from the case
where the blob is of mis-labelled normal tissues.

Because the breast tissues have relatively high local variations,
we have experienced difficulties in obtain reasonably good inpaint-
ing results using existing inpainting techniques [6, 12], and we
have developed a new texture-like inpainting approach based on
wavelet diffusion. Since the variation of the mammogram intensity
reflects the changes of tissue types and thickness [17], we regard
these signals as the linear combination of some basis functions and
the texture inpainting now becomes a diffusion process of these
basis functions. Since the wavelet theory is suited for the analy-
sis of local scale phenomena [13], we have used wavelet subbands
diffusion to implement our texture inpainting process. For com-
putational simplicity, we only use the weighted average of wavelet
subbands decomposed from the blob’s neighboring blocks to es-
timate the blob’s wavelet subbands, and obtain the repaired blob
image through inverse wavelet transform.
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Fig. 3. An example image scanline (left) and corresponding con-
trast analysis curve (right).

A wavelet transform is computed with several mother wavelets
Yr (1 < k < K), with K the number of spatial orientations. De-
note ¥« (x,y) = Lepr (%, %), and select the basis functions ¢y, s
as an orthogonal basis, image I(x, y) can be expressed as [13]:

K
I(z,y) = Z% D Wis(@,y) * trs(@,y)| (D
k=1

s

In our work, we use only one scale to decompose the image, and
get four subbands (smoothing, horizontal, vertical, and diagonal),
denoted as Wrr, Wrr, Wrru, and Wg g, which represent re-
sponses of different orientations.

Let I;, (1 < i < N), denote the neighboring subblocks of
blob I which is being repaired, and d(I;, I) denote the distance
between I; and I, we use the following weighted average of sub-
bands to estimate the wavelet subbands of blob I, and use Equation
(1) to reconstruct the inpainted blob I;npaint:

N
Wip(z,y) = 526 WeDWi L (,y)
i=1
1« :
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1 & :
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The advantage of this inpainting scheme is that, in theory, local
structure can be recovered after repairing. Visual appearance of
the repaired void is actually not important here, because we only
care for the blob’s texture features before and after the inpainting
process. Hence, the appearance continuity between the blob and
its background is not necessary achieved. Nevertheless, visually
plausible inpainting result is shown in Fig. 4.

2.2.2. Local Characteristic Features
Pre- (I) and post-repairing (Iinpaint) blob features are defined as
following:

e M,: the post-inpainting mean intensity of the support do-
main of the blob, which includes the blob and its surround-
ing subblocks ;;
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Fig. 4. Local texture repairing of suspicious blobs: pre-repairing
(left), blob removal (middle), and post-inpainting (right).

e S;: area of the blob;

e N,: number of suspicious blobs within the support domain
of blob I;

e post-inpainting average energies of the detailed subbands
of the blob support domain, which reflect the texture infor-
mation of the support domain:

) Myr Nur

Enr = Mot X Nz ; ]z::l (W (i, §)]
1 Mrpyg Nou

Ern = Min X Nom ; ]z::l Wen (i, j)]
1 Mg N

Eyn = Man < Non ; Jz::l \Wra(,7)]

where My, Mg, and Mgy are widths, Ny, N g and
Nu g are heights of the wavelet subbands, and Wgrr,, Wiy
and Wy 1 are the wavelet coefficients;

e AM;,: difference between the pre- and post-inpainting mean
intensity values of the blob support domain;

e (Aos): difference between the pre- and post-inpainting in-
tensity standard deviations of the blob support domain;

o AViua.: difference between the pre- and post-inpainting
maximum intensity values of the blob support domain;

o AFEpr, AELm, and AFEgg: differences between the pre-
and post-inpainting average energies of the detailed sub-
bands of the blob support domain.

2.2.3. Feature Training and Classification

In the training step, we adopt and modify the AdaBoosting algo-
rithm which boosts a series of weak classifiers into a strong clas-
sifier [9, 15]. The rationale is that AdaBoosting allows a certain
number of false positives after each classification process, thus
conceptually better handles the issue of feature overlapping be-
tween the normal and microcalcification tissues.

Given [ training samples (x1,y1), (X2,¥2), - -+, (X1, y1), Xi €
X where X is a N-dimensional feature space, y; € Y = {—1,+1}
where Y are labels for positive and negative samples, and weights
Ctand C™:

1. Lett = 1, initialize:

ct 1

LW ] e me Hui=+l
’ e
i=1,2,...,1

where m™ and m ™ are the numbers of positive and negative
samples respectively, with m™ +m™ = [.
2. Train a weak classifier h¢(x) = sign(z+ — h¢) using dis-
(t)

tribution w; ’, i.e. minimize

l
Remp(x) = = > wiyihe(x:)
i=1

where x; is an element of the feature vector, and h: is a
threshold value of the element pre-decided for this step.

3. Calculate the training error:

€t = Z w,gt)

he(xi)#yi
4. Choose
1 1-— €t
ar = —1In
€t
5. Update:
w2+1 — wfe[—atyiht(xi>]7 i=1,2,...,1
6. Normalize:
t+1
W = =12,
> it
: 1

i=1

7. Lett =t 4+ 1,if t < N, goto step 2; otherwise, stop.

Hence, the final decision function becomes:
N
H(x) = sign |:Z athy (x):| (2)
t=1

2.3. Clustering of Microcalcifications

Clustered microcalcifications are one of the earliest signs of po-
tential cancerous changes in breast tissues. A cluster is typically
defined to have at least 2 or 3 MCs within a 1em? region [10]. We
have used a simple clustering method to generate the MC clusters:
1) add a blob to an existing cluster if the distance from the blob to
the center of cluster is less than Dj, otherwise create a new cluster
and add this blob to it; 2) if the center distance between two clus-
ters is less than D, they are merged; and 3) a cluster is removed if
the number of blobs in it is less than N, (a threshold defined by ra-
diologists). The other two thresholding parameters in the process,
Dy and D., are dependent on the resolution of the mammogram.

3. EXPERIMENTAL RESULTS

Our method has been evaluated using two well known, publicly
available mammographic image databases: the Mammographic

Image Analysis Society (MIAS) database [2] and the Digital Database

for Screening Mammography (DDSM) [1].

The MIAS database consists of 322 images, digitized in 200
micron per pixel resolution, 1024 x 1024 in size, and 8-bit in depth.
There are 24 images containing 29 microcalcification clusters in
the data set. We have randomly selected 11 images containing 14
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[ Study | imagesused | TP rate (%) | FP per image |

Gulsrud [10] 43 100 2.3
Zaiane [18] 322 80.33 near 0
Ours 322 93.3 4.8

Table 1. MC detection results using the MIAS database.

MC clusters as the training set for our experiment, and remaining
311 images have been used the testing set.

In the training set, after preprocessing with Wy, = 5, we ob-
tained suspicious 471 blobs in total. We then used the 4**-order
Deubechies wavelets to decompose the subblocks for one level in
the texture-inpainting step. The size of the support domain was set
to 10 x 10. Fig. 4 illustrates texture-inpainting results for image
mdb236, where obviously the appearance of the repaired void is
very similar to the background normal tissues, as we hoped. Clas-
sifier was trained with C* = 0.9 and C~ = 0.1, and clustering
process was performed with Dy = 50, D, = 25, and N, = 3. 311
test images went through the same procedures, and we achieved
the detection results of 93.3% true positive rate with 4.8 false pos-
itives per image. While Table 1 lists our results as well as other
two studies using the MIAS database, it is difficult to make com-
pletely meaningful and direct comparison on the effectiveness of
various methods because different mammograms from the MIAS
database were used for training and testing.

Recognized as one of the most difficult databases, there have
been few algorithms trained and tested on the DDSM dataset. In
our experiment, as suggested by the DDSM authors for fair com-
parison [1], we used the BCRP_.CALC_0 images as the training
set and the BCRP_CALC_1 images as the test set. Each set con-
tains 50 cases and each case consists of four images (CC-view
and MLO-view for the left and right breasts). Spatial resolution
for these mammograms is 43.5 microns, and each mammogram
has an overlay file which describes the boundary coordinates of
ground truth clustered microcalcifications in the form of chain cod-
ing. We selected 99 calcifications-containing regions-of-interests
(ROISs) from the training set, which were used to train the classifier
for the marked suspicious pixels with W,,, = 23. After a region
growing process, we obtained 341103 blobs in total. In the fea-
ture extraction step, the size of support domain was set to 34 x 34.
Finally, a dynamic clustering algorithm was performed to obtain
clustered microcalcifications using Dy = 230, D. = 115, and
N. = 3. All 50 cases in the test set were processed under the
same procedures and parameters. Overall, we achieve the detec-
tion results with 90.1% true positive rate and 15.4 false positives
per image. Compared to an earlier algorithm on the same database
which has achieved 69.5% true positive rate and 2.11 false posi-
tives per image [16], our method has better true positive rate. How-
ever, the false positive rate is too high for practical purposes and
has become our current research focus, including the possibilities
of introducing image and feature space normalization.

This work is supported in part by Hong Kong Research Grant
Council through HKUST-DAG02/03.EG45.
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