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A novel automatic breast density classification based in Nagao Filter
and a priori dense segmentation
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Abstract— Breast parenchymal density is considered a
strong indicator of breast cancer risk. However, measures of
breast density are qualitative and require the subjective
judgment of radiologists. The American College of Radiology
proposes a classification based on composition of the breast
tissue. This standard is BI-RADS composition and is widely
accepted for risk classification of mammograms. The objective
of this work is to classify mammograms according to BI-RADS
breast composition categories. We propose a novel automatic
technique for classification based in homogenous filter applied
to mammograms. The breast region is segmented from the
surrounding and the breast region is divided in dense and fat
regions. A Nagao filter is applied on the image. Mean and
standard deviation are computed. These descriptors are used to
classify the breast using support vector machines, decision tree
and k-NN. We classified the pixels into the breast region with
fuzzy C-Means with four clusters. For BI-RADS 1, the border
for separated dense from fat tissue is given by the highest
intensity cluster. For BI-RADS 2, BI-RADS 3 and BI-RADS 4,
the border from the two highest clusters is used to separate
dense from fat tissue. The results of a kappa test show good
agreement (kappa mean =0.5584) with expert radiologists.

I. INTRODUCTION

Breast cancer is leading the causes for cancer mortality
among women. One in every eight women will develop
breast cancer at some point in their lives [1]. In medicine
where prevention and early diagnosis are very important, one
of the most popular prevention exams is the study of breast
parenchymal density through mammograms. The breast
density is considered a strong indicator for breast cancer risk.
For this reason, the American College of Radiologist (ACR)
standardized numerical codes typically assigned by a
radiologist after interpreting a mammogram. This standard is
the Breast Imaging-Reporting and Data System (BI-RADS).
However, this system standardizes patients in two domains:
assessment categories (with a numerical code between 0 and
6, indicating pathology), and breast composition categories
(with a numerical code between 1 and 4, indicating the
density of breast tissue) [2]. The definition of the two BI-
RADS domains is presented in Table 1.
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TABLE L BI-RADS DOMAINS.
Assessment Composition
Category Description Category Description
0 Incomplete 1 Almost entirely fat
1 Negative 2 Scattered fibro-
glandular densities
2 Benign findings 3 Heterogeneously
dense
3 Probably benign 4 Extremely dense
4 Suspicious
abnormality
5 Highly suggestive of
malignancy
6 Known biopsy-
proven malignancy

The breast composition categories from BI-RADS are
used for preventive tasks. However, the measures of breast
density are qualitative and require the subjective judgments
of radiologists. Therefore, the application of Computer Aided
Diagnosis (CAD) software for the classification of images
according to composition categories BI-RADS is necessary.

Different pattern classification approaches to differentiate
breast tissue have been proposed. Most of them apply
algorithms based on information theory [3], texture features
[3], decision tree [4], k-Nearest Neighbor (k-NN) [4], filter
bank [5], histogram information [6], Law’s texture [7] and
support vector machine [7].

We propose a novel approach based on the definition of
BI-RADS composition categories analyzing the homogeneity
of breast tissue structures (fat tissue for BI-RADS 1 and BI-
RADS 2 and dense tissue for BI-RADS 3 and BI-RADS 4).
The approach proposed is simple in comparison with others
approaches [4], [6], [7].

In section II, we provide the steps of algorithm. This
algorithm is composed of five parts: A) a pre-processing step,
B) segmentation of breast, C) feature extraction from a
filtered image, and D) a classification given by k-NN, a
decision tree and Support Vector Machines (SVM). The
algorithm not only classifies a given mammography, but it
also provides a final segmentation. In section III, we show
the results of the algorithm applied to a database of 1067
mammograms. Finally, we close the paper with a discussion
in section IV.

4450



/ Resize
Pre-processing
\ Filter
A4
/ Breast
Segmentation
\ ROI
A4
Exftraction Features |—| Nagao || Descriptors
/| SV \—
Classification | Decision tree
\ | kNN
A 4
/| BIRADS
Results
\ Region || Dense tissue
Figure 1. Flow diagram of the proposed classification algorithm.

II. ALGORITHM

Fig. 1 presents a block diagram of the different parts of
the algorithm. The following lines will explain each phase.

A. Preprocessing Stage

Images are downsampled to 1/10™ of their original size
providing a final resolution of 350 x 464 pixels for
computational feasibility. Subsequently, a median filter of
3x3 is applied to eliminate effects from microtexture. Finally,
a histogram expansion is applied to enhance the contrast of
the image.

B. Breast Segmentation

The segmentation stage aims to separate the breast from
the background and other objects that could be present in a
mammographic image. We analyze the shape of the
histogram of the background to select a threshold. If the
histogram seems a Gaussian symmetric distribution, the
threshold is given by two times the mode. Otherwise, we use
the methodology presented in [8]. In this methodology, the
rate of change of the standard deviation of a neighborhood is
used to find the borders of interest.

After thresholding, the biggest area is identified as the
breast. This area is used to limit a region of interest (ROI).
C. Extracted Features

In this step, we apply fuzzy C-Means (FCM) algorithm
[9] with four clusters: high intensity pixels (dense tissue),

semi-high intensity pixels (semi-dense tissue), semi-low
intensity pixels (semi-fat tissue) and low intensity pixels (fat
tissue). This approach provides a better differentiation among
the different structures or types of tissues in the breast
parenchymal. An initial or prior segmentation of the dense
region is obtained by adding the two classes with highest and
two with lowest intensity values.

Then, a homogeneous Nagao filter [10] is used. This filter
calculates the variance of 9 sub-windows within a 5x5
moving window and replace the value of central pixel by the
mean of the sub-window with the lowest variance (see Fig.
2). The result is a smoothed image with preserved edges.

The statistical descriptors (mean and standard deviation)
are extracted for the three different regions (breast, dense and
fat) from the images of textures after applying the Nagao
filter.

D. Classification

The classification of mammograms according to
composition categories BI-RADS was performed in three
different ways: by SVMs, k-NN and decision tree classifiers.

SVMs are based on statistical learning [11], [12], [13],
[14]. For our specific problem, a SVM for each class is used
with a polynomial kernel. We build the training database
from mammograms classified by expert radiologists and are
selected by Fisher’s linear discriminant [15].

In this work, we obtain a set of results from SVM and k-
NN classifications. Both of them wuse the statistical
descriptors described above. To classify BI-RADS 1 and BI-
RADS 4 we use just SVM classifier. Finally, these results are
taken as attributes in a decision tree classify.

E. Results and Dense Tissue

The decision tree produces as a result the classification of
the mammography in one of the four breast composition
categories from BI-RADS. Previously, it was assigned an a
priori segmentation dense tissue segmented by fuzzy C-
Means algorithm. Then, we determine the dense tissue
according to the composition category BI-RADS: BI-RADS
1 (B1), BI-RADS 2 (B2), BI-RADS 3 (B3) and BI-RADS 4
(B4). If the mammography is classified as BI-RADS 1 the
dense tissue is given by the highest cluster intensity pixel
value, otherwise, the dense tissue is given by the a priori

segmentation.

Figure 2. Sub-windows of Nagao filter algorithm.
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III. EXPERIMENTAL RESULTS

A training set of 100 16-bit craniocaudal right
mammograms was classified and manually segmented by
eight radiologists with experience between 3 and 20 years.
The database was uniformly distributed among the four BI-
RADS classes. A kappa test [16], [17], [18], [19] and
confusion matrices are used to evaluate the results. Table II
shows the confusion matrices and kappa values. The kappa
given by the training database is 0.635 + 0.0588.

We validate the segmentation using the intersection of
algorithm segmented area and a ground truth divided by the
union of these. The ground truth was obtained by utilizing the
STAPLE algorithm [20] on the radiologists’ manual
segmentation. To obtain the manual segmentation, we give
predetermined segmentation (fuzzy C-Means with 2 clusters)
and the radiologists using free hands tools modified the
segmentation. The segmentation is showing in Fig. 3.We
have an accuracy of 0.69+0.23 for BI-RADS 1, 0.72+0.18 for
BI-RADS 2, 0.76+0.15 for BI-RADS 3 and 0.79+0.15 for BI-
RADS 4.

Finally, we apply the algorithm to 1057 16-bits
craniocaudal right mammograms. These mammograms were
classified by eight radiologists. The kappa given by the set of
mammograms was 0.56 = 0.05. The result is showing at
Table I1I.

Figure 3. Algorithm segmentation according BI-RADS composition
classification. (Top: Mammograms, Bottom: Dense tissue segmentation,
Left to right: Mammograms classified 1 to 4).

TABLE IL CONFUSION MATRICES AND KAPPA VALUE FOR THE TWO
MOST EXPERIENCED RADIOLOGISTS AND THE MODE OF EXPERTS APPLIED TO
DATABASE

Expert 1 (k = 0.64)

Algorithm
ﬁ BI |BII |BIII| BIV
gBI 20 [1 o o
EBII 3 [22 6 |0
BIII |0 10 |3 15
BIV |0 1 0 19

Expert 2 (k =0.53)

Algorithm
~ BI |BII |BIII| BIV
5BI [16 |0 0 0
U‘%BH 7 120 6 |2
BIII |0 13 |3 18
BIV |0 1 0 14

Mode (k =0.65)

Algorithm
BI |BII |BII | BIV
<BI [18 |0 [0 |0
=B |5 [18 |4 |0
BIHIj0 |14 |4 |10
BIVi0O |2 |1 |24

TABLE IIL CONFUSION MATRICES AND KAPPA VALUE FOR THE MORE
EXPERIMENT RADIOLOGISTS AND THE MODE OF EXPERTS APPLIED TO 1057
MAMMOGRAMS.

Expert 1 (k = 0.60)
Algorithm

BI |BII |BIII | BIV

BI |378 [126 |10 |15

BII |97 [207 |48 |28

BIII |9 39 |21 |50

BIV |1 3 1 24

Expert 1

Expert 2 (k=0.51)
Algorithm

BI |BIl |BII| BIV

BI |277 |49 |3 10

BII 143 [193 |22 |13

BIIT |35 [132 |52 |74

BIV[0 |1 3120

Expert 2

Mode (k = 0.57)
Algorithm

BI |BIl |BII | BIV

BI 284 149 |2 |10

BII [182 |246 (34 |14

BIII [18 |78 |44 |69

BIVII 2 [0 |24

Mode

IV. DISCUSSION AND CONCLUSIONS

In this paper, we propose a novel approach of computer-
aided diagnosis to classify mammograms according to BI-
RADS composition standard (Table I). Nagao filtering
removes local textures in dense and fat regions.
Simultaneously, it emphasizes the high intensities in dense
regions and low intensities in fat regions. The filtered image
improves the distance between categories in the feature
space. Furthermore, according to the best of our knowledge,
this filter has not been applied to mammograms yet.
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. . . . ' vol. 9, pp. 394-407, 1979.
number than previous work in this topic (4], [5], [21], [22]. [11] Kecman, V., Learning and Soft Computing, MIT Press, Cambridge,

Moreover, the algorithm has been tried in a large number of MA. 2001.
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The performance of the algorithm does not vary much Cambridge, MA. 2002.

o . . [14] Cristianini, N., and Shawe-Taylor, J. An Introduction to Support
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radiologist to classify the 322 mammograms. Moreover, the Press, San Diego, California 1999.
trajning and test images were the same. [16] Brennan, R. L., & Prediger, D. J. Coefficient Kappa: Some uses,
misuses, and alternatives. Educational and Psychological
This work proposes a different method to analyze the Measurement, pp. 687-699, 1981.

dense tissue. For BI-RADS 1, the breast tissue is almost [17] Warrens, M. J., Inequalities between multi-rater kappas. Advances in
entirely fat, so the low intensity pixels are prevailing in the Data Analysis and Classification, vol4, 2010.

. L . . A [18] Randolph, J. J., Free-marginal multirater kappa: An alternative to
pixels distribution. Therefore, to assign the highest cluster Fleiss' fixed-marginal multirater kappa. Paper presented at the Joensuu

given by fuzzy C-Means with 4 clusters allows better University Learning and Instruction Symposium 2003, Joensuu,
accuracy with dense tissue. For BI-RADS 2, BI-RADS 3 and Finland, October 14-15th, 2005.
BI-RADS 4, the pixels distribution allows to fuzzy C-Means [19] Siegel, S., & Castellan, Nonparametric statistics for the social

to have a better classification of the different breast tissues. sciences, 2nd ed., McGraw-Hill, New York, 1998.
[20] Warfield, S.K., Zou, K.H., Wells III, W.M., “Simultaneous truth and

Our novel approach has a good agreement with performance level estimation (STAPLE): an algorithm for the

experienced radiologists, but it can be improved by adding Ivrf;z?;tl(lz‘afoif;age segmentation,” IEEE Transactions on Medical

other descriptors such as skewness. [21] A. Oliver, J. Freixenet, R. Marti, J. Pont, E. Pérez, E. R. Denton, R.
Zwiggelaar, “A Novel Breast Tissue Density Classification

This teChmque gives an alternative to quahtatlve Methodology,” in IEEE Trans Inf Technol Biomed, Vol. 12, No. 1,

evaluation and provides a tool for future studies in breast 2008, pp. 55-65
cancer risk with several data. [22] A. Oliver, J. Freixenet, R. Mart'1 et al. “A comparison of breast tissue
classification techniques.” In Int. Conf. Med. Image Comput. Comput.
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