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Abstract

   Clustered microcalcifications on X-ray mammograms
are an important feature in the detection of breast cancer.
For the detection of the clustered microcalcifications on
digitized mammograms, this paper proposes a texture
analysis method called the surrounding region dependence
method (SRDM), which is a statistical texture analysis
based on the second-order histogram in two surrounding
regions. Four textural features are extracted from the
SRDM. These features are used to classify region of
interests (ROIs) into positive ROIs containing clustered
microcalcifications and negative ROIs of normal breast
tissues. The three-layer backpropagation neural network is
employed as a classifier with input data of four textural
features. The classification performance of the proposed
method is evaluated by using the round-robin method and
the receiver operating-characteristics (ROC) analysis.

1. Introduction

     Breast cancer is one of the major causes of death
among all cancers for middle-aged and older women,
especially in developed countries. Early detection of breast
cancer is very important for reduction of the breast cancer
mortality. It has been empirically recognized that the
presence of the clustered microcalcifications on X-ray
mammograms has been associated with an important sign
in the detection of breast cancer, where the size of
individual microcalcification is up to about 0.7 mm in
diameter with an average diameter of 0.3 mm [1].
     Computer-aided diagnosis (CAD) for detecting the
clustered microcalcifications on mammograms has been of
interest to many researchers [2]-[8]. CAD can be used to
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alert radiologists to locations of suspicious lesions and to
serve as a second opinion that the radiologists can take into
consideration in making the final interpretation.

2. Proposed Method

     A statistical texture analysis method is proposed to
classify region of interests (ROIs) into positive and
negative ROIs. Let us consider three rectangular windows
centered on a current pixel (x,y), as shown in Fig. 1. In Fig.
1, R1 and R2 are the inner surrounding region and the outer
surrounding region, respectively, and w1, w2, and w3 

denote
the size of each square region. In this study, w1, w2, and w3

have the values of 3, 5, and 7, respectively. These window
sizes are determined in consideration of the lesion size to
be detected and the pixel size of the digitized X-ray
mammograms.
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Fig. 1. Configuration of the surrounding regions on the
      current pixel (x,y).

     An ROI image is transformed into a surrounding
region dependence matrix, which is defined as

[ ]M ( ) ( , ) , ,q i j i m j n= ≤ ≤ ≤ ≤α 0 0     (1)



where q is a given threshold value, and the values of m and
n are the total numbers of pixels of regions R1 and R2,

respectively. In eq. (1), the element α(i,j) is given as
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where # denotes the number of elements in the set, and Lx ×
Ly is the 2-D image space. In eq. (2), the inner
countc x yR1

( , ) and the outer countc x yR2
( , ) on the current

pixel (x,y) are defined as follows:
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where S(x,y) is the image intensity on the current pixel
(x,y). In general, the larger the threshold value q is, the
more microcalcifications can be missed, whereas the
smaller the value q is, the more sensitive the random noise
effect is, so that negative ROIs can be classified as positive.
The optimal selection of the q value is very important for
the classification performance.
     It is evident that the surrounding region dependence
matrix M (q) contains the textural information of an image.
The texture coarseness or fineness of an image can be
interpreted as the distribution of the element in the matrix.
For example, if a texture is smooth, it is very possible that
a pixel and its surrounding pixels will have similar gray
values. This means that the distribution of elements in the
matrix should be concentrated on or near its left-upper
corner. If a texture has fine details, it is very possible that
the difference between a pixel and its surrounding pixels
will be large. This means that the distribution of elements
in the matrix M (q) should be spread out along the diagonal
of the matrix. Especially, the distribution of elements tends
to spread near the right and/or the right-lower corner of the
matrix for positive ROIs containing clustered
microcalcifications.
     Feature extraction is a very important process for the
overall system performance. From the spread
characteristics of the elements in the surrounding region
dependence matrix, four textural features are extracted,
which are defined as follows:
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3) Diagonal Weighted Sum (DWS)
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4) Grid Weighted Sum (GWS)
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where N is the total sum of elements in the surrounding
region dependence matrix, i.e.,
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and r(i,j) is the reciprocal of the element, which is defined
as
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In order to emphasize the contribution of the matrix
elements around the right and the right-lower corner, the
reciprocal operation of the matrix elements and the square
operation of the location index (i, j, or k) are applied in eqs.
(5)-(8).

3. Experimental Results
  
3.1 ROI Selection

     From the patient files in the Department of
Radiology at Asan Medical Center in Korea, 120 X-ray
mammograms were selected. The mammograms were
digitized by a Lumisys laser film scanner with a pixel size
of 100 × 100 µm2 and 12 bits per pixel. Mammograms
containing clustered microcalcifications were verified by
an expert mammographer based on visual criteria and
biopsy results. 172 ROIs are selected from 120 digitized
mammograms. Each ROI has 128 × 128 pixels (i.e., 1.28 ×
1.28 cm2).
     Among the selected 172 ROIs, 72 ROIs were
positive, containing the clustered microcalcifications, and
100 ROIs were negative, containing only normal tissues.
Positive ROIs included clustered microcalcifications in
dense regions and/or in glandular tissues. Negative ROIs
include various normal breast areas involving ducts, breast
boundaries, Cooper’s ligaments, blood vessels, film-



artifact, and/or glandular tissues.

3.2 Selection of Optimal q

     Four features with respect to various q are extracted
from eqs. (5)-(8) for 172 ROIs. In order to select the
optimal q, the self-organizing map developed by Kohonen
[9] which groups the input data into clusters, is applied in
this paper. During the self-organization process, the cluster
unit, whose weight vector matches the input vector most
closely, is chosen as the winner. The winning unit updates
its weight until the stopping condition is satisfied. After
Kohonen learning is completed, each output unit denotes
an average for each cluster. For this clustering, 172 ROIs
of the data set are used. The dimension of the input vectors
is four, and the number of clusters to be formed is two. The
mean values of the features for each class are used as the
initial weights of the Kohonen self-organizing map. The
measure to select the optimal q is the sum of the distances
of the average vectors (SDA), which is defined as
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whereagd  is the mean of the dth feature within the gth

class in the truth file and ′agd  is the value of the dth

feature within the gth class after Kohonen learning. G and
D are the number of classes and the dimension of the input
vectors, respectively. In our study, G and D have values of
2 and 4, respectively. Figure 2 shows the SDA values for
values of q in the range from 50 to 120 in increments of 10.
As shown in Fig. 2, the optimal value was achieved when q
was 70 in our data sets.
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Fig. 2. SDA values in the case of various q values.
3.3 Classifier

     In order to classify ROIs into positive and negative,
a three-layer backpropagation neural network [9] is
employed as a classifier. A nonlinear sigmoid function with

“0” and “1” saturation values is used as the activation
function for each neuron.
     In the training process, the weights between the
neurons are adjusted iteratively so that the difference
between the output values and the target values is
minimized. The weight values are updated by iteration as
follows:

[ ]w l w l o w l w lji ji j i ji ji( ) ( ) ( ) ( )+ = + + − −1 1ηδ µ  (12)

where wji is the weight from the ith to jth neurons, oj is the
jth element of the actual output pattern produced by an
input pattern, η is the learning rate, l is the number of
epochs, δj is the error signal, and µ is a momentum
parameter. To evaluate the network performance during the
training process, a global error measure [10] is given as
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where o
p
 and t

p
 are the output values and the target values

for the pth input pattern, respectively, and P is the number
of training patterns. In this study, the training process is
stopped when the RMS error, εRMS, becomes smaller than a

given constant ε0.

3.4 Classification Result

     The classification performance of four textural
features is tested using the receiver operating-
characteristics (ROC) analysis [11] and the round-robin
method [12]. The round-robin method is employed when
the number of sample patterns for a problem is less than
200. When there are P sample patterns, this procedure
trains the classifier with P-1 samples, then uses the one
remaining sample as a test sample. Classification is
continued in this manner until all P samples have been
used once as a test sample. Since the round-robin test is
performed with the sample which is not used for training
the neural network, these trials provide a good
approximation of the general performance of the neural
network. All the textural features were normalized by
sample mean and standard deviation of data set. Each
training was stopped whenever ε0 was less than 0.1 in this
experiment. The learning rate and the momentum have
values of 0.08 and 0.7, respectively.
     The LABROC1 algorithm developed by Metz et al.
[13] is used to fit the outputs of the neural network tested
by the round-robin method. The area under the ROC curve,



Az, is used as a measure of the classification performance.
Figure 3 shows the result of the classification performance.
The area under the ROC curve, Az, is 0.92 when q is 70
and the number of hidden neurons is 5. In Fig. 3, TPF and
FPF are the true positive fraction and the false positive
fraction, respectively.
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Az = 0.92 (at q = 70 and
hidden neurons = 5)

Fig. 3. The result of classification performance.

4. Conclusions

      This paper proposes a statistical texture analysis
method called SRDM. Based on the SRDM, four textural
features are defined and are used as inputs for a classifier
to determine whether clustered microcalcifications exist in
an ROI.
     In spite of the limited number of cases, the
experimental result for the SRDM is very promising.
Further investigation of the effectiveness of the SRDM will
be conducted with a large database.
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