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Abstract

In this paper, we present a content-based image retrieval
(CBIR) system called MammoSVD. This CBIR system is de-
veloped based on breast density — fatty or dense, and the
database used, from the IRMA project, provides images with
the ground truth already set. Singular value decomposi-
tion (SVD) is proposed for the breast density characteriza-
tion by the selection of the first singular values, in order to
represent texture along with the dimensionality reduction.
Support-vector machine (SVM) is used to perform the re-
trieval operation. Considering the first 10% of the retrieved
images, the precision rate is 90%, indicating the potential
of the implemented CBIR system.

1. Introduction

Medical images are important for diagnosis purposes as
they are related to patient’s medical historic and patholo-
gy. Mammography uses low x-ray doses to produce ima-
ges of breasts and it is an efficient and largely used method
to the early detection of breast cancer. Breast cancer re-
presents one of the main causes of death among women
in occidental countries (Brazilian National Cancer Institute,
http://www.inca.gov.br).

Breast density has been shown to be related with the
risk of the development of breast cancer [19] since women
with a dense breast density can hide lesions and so can-
cer is detected at later stages. A density scale named BI-
RADS (Breast Imaging Reporting Data System) developed
by the American College of Radiology (http://www.acr.org)
informs radiologists about the decline in sensitivity of ma-
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mmography with increasing breast density. BI-RADS de-
fines density 1 as almost entirely fatty, density 2 as scattered
fibroglandular tissue, density 3 as heterogeneously dense
tissue and density 4 as extremely dense tissue.

Radiologists evaluate and report breast density on the ba-
sis of the visual analysis of mammographies. Computer-
aided diagnosis (CAD) and content-based retrieval (CBIR)
systems appear as a real possibility to help radiologists in
reducing the variability of their analysis. CBIR systems use
visual information extracted from images to retrieve similar
images to one query image and this system does not need to
provide diagnosis information of the retrieved images but
just present similar images according to a certain pattern.
Considering a CBIR system based on the breast density,
from a clinical point of view, such a system can guide the
radiologist for the detection of a lesion and its classification.
Moreover, from a technical point of view, this system is the
first step, and a very important one, for the development of
a CAD system.

In this work, we propose, implement, and evaluate
a CBIR system called MammoSVD. The breast den-
sity is characterized through singular value decomposition
(SVD) [5], and the support vector machine (SVM) [16]
classifier is used for the retrieval task.

In the context of mammography and breast density, some
works explored the use of CBIR and CAD systems. Ki-
noshita et al [8] used breast density as a pattern to re-
trieve 1,080 mammographies from the Clinical Hospital
from the University of Sao Paulo, Ribeirdo Preto, Brazil.
Shape descriptors, texture features and histograms were
used to characterize the breast density, and the Kohonen
self-organizing map (SOM) neural network was used for
the retrieval task. Precision rates between 83% and 79%



were obtained for 50% and 25% of recall. Despite the fact
that these results indicate that through certain types of fea-
tures, such as histograms and shape, retrieval concerning
the breast density can be effective, and additional studies
are needed to im-prove all the process of retrieval.

Regarding only the breast density classification,
mammographies were automatically divided between fatty
tissue and dense tissue [13] using the Fuzzy-C means
algorithm. From all images, texture and morphological
features were extracted and then mammographies were
classified using decision trees and k-Nearest Neighbor
algorithm. Comparing with radiologists’ classification,
the results are of 86% of correct classification for MIAS
(The Mammographic Image Analysis Society Digital
Mammogram Database) database [15] and 73% for DDSM
(The Digital Database for Screening Mammography)
database [7].

A main challenge for the development of CBIR systems
is the appropriate characterization of images and the sto-
rage and management of the big amount of images pro-
duced by hospitals and medical centers. The IRMA (Image
Retrieval in Medical Applications) project deals with this
kind of problems, as it aims at developing and implement-
ing high-level methods for CBIR systems with prototypal
application to medico-diagnostic tasks on radiological im-
age archive [11]. There are currently more than 30,000 di-
agnostic images with available ground truth information in
the IRMA database. They are used for image retrieval and
computer-aided diagnosis [3, 10]. Regarding mammogra-
phy, there are more than 10,000 images in the database [2],
all of them also with available ground truth information.
This database offers invaluable support to the validation of
the method proposed in this work.

The remainder of this paper is broken into five sec-
tions. Section 2 introduces the texture characterization of
the breasts through SVD. In Section 3, we expose the ba-
sic principles of the SVM classifier used for the retrieval
task. Section 4 presents the experiments. In Section 5, we
present and discuss the results, and in Section 6, we state
the conclusion of the work.

2. Breast Density Characterization

In CBIR systems, the access to information is performed
by the visual attributes extracted from images. The defi-
nition of a set of features, capable to describe effectively
each region contained in an image, is one of the most com-
plex tasks in the analysis of images. In addition, the process
of characterization affects all the subsequent process of a
CBIR system [1].

An image can be numerically represented by a feature
vector, which should reduce the dimensionality of the image
and emphasize aspects of this image [4]. Visually, breasts

Figure 1. On the left, mammography of fatty
density. On the right, mammography of
dense density.

of fatty and dense densities differ through gray level inten-
sity in mammographies, as can be seen in Figure 1. Since
texture contains information about the spatial distribution
of gray levels and variations in brightness, its use for the
representation of breast density becomes appropriate [6].

The high dimensionality of the feature vector is one of
the difficulties in the use of the texture attribute, so it is
desirable to choose a technique that combines the represen-
tation of this texture with the reduction of dimensionality,
in a way to turn the retrieval algorithm more effective and
computationally treatable.

The method of SVD consists in decomposing a matrix,
whose elements can be composed of the intensity of the
pixels belonging to a certain texture, in a matrix multipli-
cation operation [9, 17]. The singular values obtained as
results of this decomposition provide useful information of
the texture, and for purposes of reduction of dimensionality
only the first k£ singular values are kept. The goal is to find
the best rank k& that would improve the image characteriza-
tion [9], and this rank £ must be no more than the minimum
value between the sizes of the matrix.

3. Support Vector Machine for Content Based
Image Retrieval

Image retrieval has the purpose to retrieve, from a
database, images that are relevant for one query. The query
image goes through the process of extraction of attributes
and the obtained feature vector is submitted to a search for
similarity together with the structure containing the feature
vector of all images stored in the database. The identities
of the resulting images from the search are used to retrieve
these images from the database, thus they can be presented
to the radiologist.

MammoSVD deals with a binary classification of data:



fatty breast density or dense breast density. The support
vector machine (SVM) method is considered a good clas-
sifier since it is able to predict correctly the class of the
new data from the same domain where the learning oc-
curred [14, 18].

SVM can be described for a binary classification as fol-
lows: given two classes and a set of points that belong to
these classes, the SVM classifier determines the hyperplane
in the feature space that separates the points in order to place
the highest number of points of the same class on the same
side, while maximizing the distance of each class to that
hyperplane. The hyperplane generated is determined by a
subset of items from the two classes, called support vectors.

When the sets of data are linearly separable by a straight
line, it is called a linear case of separation. But in most of
the cases, this linear case is a restrictive hypothesis to be
used in practice. So, instead of a straight line, it is used one
function called kernel. The most commonly used kernels
are the polynomial and Gaussian ones [16].

4. Experiments

The MammoSVD system uses mammographies from the
database of radiological images from the IRMA project [2].
In the IRMA project, all images are coded according to
a mono-hierarchical, multi-axial coding scheme [12], and
this codification provides the ground truth of all mammo-
graphies, as all the images were previously verified by an
experienced radiologist.

The images, which have approximately 1,024 x 500
pixels of size and are from both medio-lateral and cranio-
caudal projections, were grouped in mammographies of
fatty density — 200 mammographies from ACR BI-RADS
1 and 200 mammographies from ACR BI-RADS 2 — and
mammographies of dense density — 200 mammographies
from ACR BI-RADS 3 and 200 mammographies from ACR
BI-RADS 4.

For all the images, in a way to remove noises such as
black areas and exams labels, it was performed a segmenta-
tion of the breast region.

After this segmentation, the steps followed for the deve-
lopment of the CBIR system were:

Stepl — Extraction of singular values: the following
first k singular values were kept for the composition of the
feature vector: 25, 50, 75, 100, 150, 200 and 250. These
values were chosen empirically according to [9].

Step2 — Measurement of similarity between images:
SVM computes the similarity between images through the
indication of relevance of the image to a certain query. The
set of 800 feature vectors was used in the following manner:

e Training: 240 feature vectors of fatty breast density
and 240 feature vectors of dense breast density.

e Test: 160 feature vectors of fatty breast density and

160 feature vectors of dense breast density.

The selection of the feature vectors used for training and
the ones used for test was done randomly, and the two sets
are disjointed. Moreover, tests were done using the linear
case and the polynomial and Gaussian kernels. Of the three
cases, the polynomial kernel was the one capable of sepa-
rating more efficiently the two classes.

Step3 — Evaluation of the CBIR system: measures

of precision and recall were obtained and all the 320 mam-
mographies that were not used for the training of the SVM
classifier were used as query. We considered values of pre-
cision for 10% of recall since radiologists pay more atten-
tion to the top returned images.

S.

Results and Discussion

Figure 2 presents the precision and recall curve for the

best result obtained, the one using the first 200 singular va-
lues for breast density characterization and SVM for image
retrieval. This selection allows representing the texture of
the mammographies together with the reduction of dimen-
sionality, as storing only few values results in significant
computational savings over storing the whole vector.
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Figure 2. Precision and recall curve for the

first 200 singular values for breast density
characterization.

A value of 90% of precision for 10% of recall means

that from 32 mammographies returned by the MammoSVD



system, 29 images are relevant for the query user. The
SVD method was able to capture the difference between the
gray level intensities of the breast densities and characterize
them. Also, because of the high generalization ability of
the SVM classifier, the training with the polynomial kernel
was able to separate the two classes and indicate the most
relevant images to the query one.

Although radiologists look for breast lesions like masses
and calcifications in mammographies, a CBIR system for
mammography should include all possibilities. ~Mam-
moSVD is the first stage of a CBIR system, as the breast
density plays an important role in the diagnostic process.

An important characteristic of the proposed CBIR sys-
tem is the use of a priori breast density classification, as
all the images contained in the IRMA database have their
ground truth already set by an experienced radiologist.

Future works will focus on the retrieval of four classes
of breast density according to ACR BI-RADS scale and on
the visual presentation of the retrieved images.

6. Conclusion

The research on CBIR still has some challenges. One
is which approach to use, more efficiently, to characterize
images through a small sequence of numerical values, thus
reducing the dimensionality of the original images and how
to represent these features properly. In this paper we pre-
sented a CBIR system, called MammoSVD, which uses the
breast density as standard for image retrieval as this can hide
lesions indicative of breast cancer. The mammographies
used, belonging to IRMA database, are already classified,
setting the ground truth, in order to provide for the retrieval
process, beyond similar images, also diagnosis information
of the mammographies.

In this system, the segmented areas of the breast are cha-
racterized through SVD and only the first singular values
are kept, in a way to represent texture together with the re-
duction of dimensionality of the feature vector. This charac-
terization allied with SVM classification for image retrieval
enables the development of a CBIR system of mammogra-
phies that can really aid radiologists in their diagnosis.
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