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Abstract. We have developed an approach to the separation of background texture and structures in images.
The developed approach is based on the statistical difference between local and median co-occurrence matrices.
It is our assertion that the classification of mammographic parenchymal patterns can be improved if anatom-
ical structures can be removed from the image and the classification is based only on the background texture
information. We compare the results of the classification between original images and images composed of
their reconstructed background texture. 265 mammograms from the MIAS database [1] have been used for our
experiment and the classification of the parenchymal patterns is based on Karssemeijer’s model [2].

1 Introduction

Wolfe [3] has shown a relation between mammographic parenchymal patterns and the risk of developing can-
cer. Since the discovery of this relationship automated parenchymal pattern classification has been investigated.
Karssemeijer [2] proposed a method based on grey-level histograms from selected regions and Byng et al [4] used
fractal measures.

It is our hypothesis that classification can be improved if it is based on the background texture information only
and not on a combination of the background texture and other anatomical structures which might be present.
We propose a method to extract the background texture of the mammographic images (see section 2) and apply
Karssemeijer’s model (see section 3) to classify the image. In section 4 these results are compared with the results
based on the original mammographic images.

2 Background Texture Extraction

We assume that there is a statistical difference between the Grey-Level Co-occurrence Matrices (GLCMs) for
image regions that include image structures and regions that only contain background texture (more detail can be
found in [5]).

2.1 Pre-processing

To approximate the textural properties of the texture for the RoI we need to compare the GLCM of the RoI with
the GLCM of the local neighbourhood. An overlaping square regions kernel is defined by nine regions with the
same area, eight of them describe the local neighbourhood and are centered around the RoI [5].

For each pixel in the image the following steps are taken. A kernel is centered on the pixel and for each region of
the kernel a GLCM is computed. The GLCM from the neighbourhood are combined (by using a simple average)
to generate the approximation of the textural property of the background (GLCMMean). This GLCMMean is
compared to the GLCM for the RoI (GLCMRoI) and for each entry of the matrices we compute the difference.
The resulting Difference Co-occurrence Matrix (DCM ) is given by

DCM(i; j) = max

�
0 ;

GLCMRoI(i; j)�GLCMMean(i; j)

GLCMRoI(i; j) +GLCMMean(i; j)

�
(1)

where i and j are a particular combination of grey-levels.

If there are no structures in the RoI the DCM given by Eq. 1 is going to be sparsely populated indicating a low
level of perturbation in the RoI . As we have normalised the DCM these values can be used as probability values.
Lets consider the position (x; y) of the current pixel by a translation t = (a; b) (translation used for the GLCMs)
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and the corresponding grey-level value at that position is m. The resulting perturbation (or probability) for the
current pixel is given by DCM(k;m) where k is the intensity of the current pixel. The above approach can be
used to produce a structure probability at a pixel level.

Applying the algorithm to the entire image result in a probability image. To obtain robust results a number of
translations t are considered and the resulting probability images are combined (in our experiments, the mean
value for each pixel) to provide an overall classification.

2.2 Background Texture Reconstruction

For the reconstruction of background texture the objective is to reduce the difference between GLCMRoI and
GLCMMean. A similar technique is described in [6], here GLCMMean is the textural feature to be obtained and
GLCMRoI is the approximation to be improved. For the current pixel we have to decide if its intensity has to be
changed or not (by applying a single threshold to the probability image), in the positive case the new intensity k is
determined by minimising

X
t2T

kGLCMMean(t)�GLCM
k

RoI
(t)k2 (2)

where GLCMMean(t) is the GLCM of the local neighbourhood using translation t, GLCM k

RoI
(t) is the GLCM

of the region of interest using translation t and where the intensity of the current pixel has been replaced by k (the
value of k is taken from all possible grey-levels) and T is the set of translations.

As structures in mammographic images tend to be of higher than average intensity, only pixels with grey-level
values higher than the mean grey-level value of the RoI are considered by the model. This is the only prior
knowledge incorporated in the developed approach. A more detailed discussion of the method can be found in [7],
and two examples are shown in Fig. 1.
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Figure 1. Original mammograms and their background texture. (a) Fatty and (c) fatty-glandular mammograms
and their corresponding extracted background texture, respectively (b) and (d).

3 Classification of Parenchymal Patterns

This section presents a short introduction of Karssemeijer’s model [2]. The method is decomposed in three stages,
firstly the segmentation of the mammogram into three regions (background, pectoral muscle and finally breast
tissue). Secondly a set of eight features is extracted from the image and thirdly the parenchymal pattern is classified
using a k-nearest-neighbour approach.



3.1 Image Segmentation

To extract features related to parenchymal patterns, breast tissue must be identified. The first step of the segmenta-
tion is to remove the background. To do so a global thresholding is applied to the image, where the threshold value
is determined automatically from the grey-level histogram by applying a peak detection method.

The second step is to separate the pectoral muscle from the breast tissue. A 3� 3 Sobel operator is applied to the
image and gradient magnitude and direction for each pixel are extracted. To detect the pectoral boundary a Hough
transform is applied to the gradient image [8]. All the pixels in the tissue area and above the pectoral boundary are
marked as pectoral. An example of the segmented breast tissue is shown in Fig. 2b.

(a) (b) (c) (d)
Figure 2. (a) Original mammogram, (b) the segmented breast using an automatic thresholding and the Hough
transform, (c) image representing the distance to the skin and (d) the division of the breast in seven regions. The
black region is the background, the white region is the pectoral muscle and the grey regions are the breast. Only
the three central regions of the breast are taking into account for the feature extraction.

3.2 Feature Extraction and Classification

Features are based on the grey-level histograms from selected regions of the breast. Regions are constructed using
the distance to the skin normalised from 0 to 100 (providing invariance to the size of the breast). From this distance
image three regions are defined by:

sdn = f(i; j)jdn < d(i; j) 6 dn+1g (3)

where d1 = 20; d2 = 40; d3 = 70; d4 = 90 and d(i; j) is the distance to the skin for the pixel at position (i; j).
These regions are shown in Fig. 2d (the three central regions of the breast). Grey-level histograms are computed
for n = 1::3 and from each of these histograms the standard deviation and the skewness are calculated. Two other
features are used to compare the density of the breast tissue and the pectoral muscle (all features are normalised to
unit variance and zero mean).

A k-nearest-neighbour classifier [9] with k = 32 is used for parenchymal patterns classification based on the eight
features described previously. A leave-one-out approach is used for all classification results. This means that each
sample is classified by a classifier trained on all the other samples.

4 Results

The dataset used for our experiment is composed of 265mammograms from the MIAS database [1], which includes
75 fatty, 95 fatty-glandular and 95 dense-glandular mammograms. It must be mentioned that this classification
approach differs from that of Karssemeijer [2] and Wolfe [3] who both used four classes.

Karssemeijer’s model has been applied to two sets of images. The first set is composed of original mammo-
grams and the second of their reconstructed background texture. Tab. 1 shows the performance of the k-nearest-
neighbours classifiers on the two sets in the form of confusion matrices.



The performance is similar on both sets of data (the maximum difference is 2%), no degradation of information
has occured during the reconstruction step of our algorithm, neither improvement. These results are expected as
Karssemeijer’s model does not rely on local spatial patterns but on local grey-level histograms. Our algorithm
preserves the global grey-level information stored in the histograms and changes the grey-level distribution of the
image.

Most of the misclassifications are due to dense-glandular and fatty-glandular mammograms. In the future the
developed approach will be tested on a large mammographic database with a classification based on 5 classes
(Wolfe grades and one extra class to separate fatty mammograms).

Classified ! original mammograms Reconstructed texture

True # Fatty
Fatty-

Glandular
Dense-

Glandular
Fatty

Fatty-
Glandular

Dense-
Glandular

Fatty 24% 4% 0% 23% 6% 0%
Fatty-glandular 9% 21% 6% 9% 20% 6%
Dense-glandular 3% 13% 20% 2% 14% 20%

Table 1. Classification results obtained using originals mammograms and reconstructed textures. A success rate
of 65% has been achieved for the original data against a rate of 63% for the reconstructed texture.

5 Conclusions

We have developed a method, based on the full grey-level co-occurrence matrix information, to reconstruct back-
ground texture in mammograms. We have evaluated our approach using Karssemeijer’s model for parenchymal
pattern classification. As expected, results have shown that no loss of information has occured during the re-
construction of the texture. However the method does not improve results based on Karssemeijer’s technique.
Future work will include evaluation based on fractal modelling and a mammographic database described by five
parenchymal pattern classes.
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