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Abstract
Many studies have indicated that there is a strong correlation between breast tissue density/patterns and the risk of developing breast cancer. Therefore, modelling breast tissue appearance in mammograms is important for automated mammographic risk assessment. In this paper, we present a method for building models of breast tissue appearance based on local features in mammographic images. Mammographic tissue is
modelled based on statistical analysis of local tissue appearance. We investigate five
strategies by employing different types of local features, describing aspects of intensity,
texture, and geometry. A visual dictionary is generated to summarise local tissue appearance with descriptive “words”. The overall appearance of the breast is represented
as an occurrence histogram over the dictionary. The resulting histogram models can be
applied to breast density classification. The validity is qualitatively and quantitatively
evaluated using the full MIAS database based on the BIRADS density classification. We
test the performance of each individual strategy and the combination of all strategies.
The best classification accuracy is 78% for the four BIRADS categories. This increases to
90% for two-class (low/high) density classification. The obtained results indicate that
our method has potential for mammographic risk assessment.

1

Introduction

Breast density and tissue patterns are both strong predictive indicators of breast cancer risk.
Thus, from a medical perspective, modelling breast tissue appearance is beneficial for quantitative estimation of breast density, qualitative perception of breast tissue patterns, and auc 2013. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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Figure 1: The schema of representing textures based on local features.

tomated mammographic risk assessment. Recently, a variety of approaches have been developed for the characterisation of breast tissue in mammographic images [Petroudi et al., 2003,
Bosch et al., 2006, Oliver et al., 2008, Subashini et al., 2010, Zwiggelaar, 2010, He et al., 2012].
Numerous image features have been exploited to describe characteristics of breast tissue. In
general, intensity information is used to describe tissue density and texture information is
used to represent tissue patterns. The extracted features and resulting breast tissue models
comprise feature space for breast density classification.
Local feature based representations have shown to be effective for texture classification [Ojala et al., 2002, Varma and Zisserman, 2005, Zhang et al., 2007, Varma and Zisserman, 2009, Crosier and Griffin, 2010]. Texture images are statistically analysed by extracting
appearance based features from local image patches, and are represented as histograms of
a local feature dictionary. The schema of representing textures based on local features is
shown in Figure 1. Firstly, local features are extracted from the local neighbourhoods of image pixels. After that, a visual dictionary of local features is generated. There are two ways
of collecting the visual dictionary: one is intuitively aggregating all possible appearances of
a specific local feature, which is an exhaustive collection of qualitative categories of local image appearances; the other is performing an initial learning step such as clustering to learn
clusters of local features and the cluster centres are collected into the dictionary. After the
dictionary of local features is obtained, for a novel texture image, each pixel is labelled by
searching for the corresponding local feature (“word”) in the dictionary. Finally, the image
is presented as an occurrence histogram of the “words” in the dictionary, which provides a
statistical description of local feature distribution in the image.
In the remainder of this paper, we first investigate five strategies for texture representations based on different local features, including local binary patterns, local greylevel appearances, local geometric structures, joint filter responses of filter banks, and raw image
patches. Subsequently, we employ these five strategies to model breast tissue appearance
in mammographic images, focusing on local tissue appearance in terms of intensity, texture
and geometry. Finally, we apply the resulting models to breast density classification for the
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purpose of mammographic risk assessment. Qualitative and quantitative evaluations are
presented based on the Mammographic Image Analysis Society (MIAS) database [Suckling
et al., 1994] and the Breast Imaging Reporting and Data System (BIRADS) standard [American College of Radiology, 1998].

2
2.1

Local Feature Based Texture Representations
Local Binary Patterns

Local Binary Pattern (LBP) based texture classification was first proposed by Ojala et al.
[2002]. The local texture information in texture images was encoded into a set of binary
values. The greylevel value of the centre pixel is substracted from the local neighbourhood,
and a binary label is assigned to each pixel within the local neighbourhood according to the
difference sign. The resulting binary pattern is transformed into a unique LBP number by:
P −1

LBP = 1 +

∑ s ( g p − gc )2 p

(1)

p =0

where gc represents the greylevel value of the centre pixel, g p ( p = 0, . . . , P − 1) corresponds
to the greylevel value of the pth pixel in the local neighbourhood, and s( x ) = 1 if x ≥ 0
else s( x ) = 0. Thus, each LBP number corresponds to a unique local binary pattern, and all
possible binary patterns comprise the visual dictionary of local features. An LBP histogram
is populated by counting occurrences of LBP numbers at every pixel in the texture image.

2.2

Local Greylevel Appearances

The Local Greylevel Appearances (LGA) based approach was presented in Zwiggelaar [2010].
The local texture information is modelled by analysing the joint greylevel distribution of the
local neighbourhood. The local greylevel appearance is transformed into a unique LGA
number. The distribution of local greylevel appearances in histogram format constructs the
basis for texture models. Firstly, the greylevel resolution is reduced to Ng , which is the number of reduced-resolution greylevel bins, and each pixel within the local neighbourhood is
numbered in row order staring from zero. Subsequently, the unique LGA number corresponding to the local neighbourhood is computed by:
LGA = 1 + ∑ Ng counter(i,j) I (i, j)

(2)

i,j

where counter (i, j) = 0, . . . , N − 1 is the sequence number of pixel (i, j), N is the number
of pixels in the local neighbourhood, and I (i, j) is the reduced-resolution greylevel value of
pixel (i, j). Thus, each LGA number corresponds to a unique local greylevel appearance, and
all possible greylevel appearances comprise the visual dictionary. Finally, an LGA histogram
containing the combination of LGA numbers and corresponding occurrences is generated.

2.3

Basic Image Features

Basic Image Features (BIF) were defined in Crosier and Griffin [2010]. A second-order family
of six Gaussian derivative filters were used to analyse texture images locally with respect to
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Figure 2: Gaussian filter bank, consisting of one zeroth-order (c00 ), two first-order (c10 and
c01 ), and three second-order Gaussian derivative filters (c20 , c11 and c02 ) at four scales.
geometric structures. Figure 2 shows the Gaussian filter bank at four scales. Seven Basic Image Features are defined, which are referred to as BIFs, each corresponding to a qualitatively
distinct type of local geometric structures (exampleq
image patches are illustrated in Figure 3).
o
n
1
The seven BIFs are respectively defined as: εs00 , 2 s210 + s201 , ±λ, 2− 2 (γ ± λ), γ , where ε is
a constant which controls the extent of an image patch to be classified as the flat category (the
first one of the seven geometric categories in Figure 3). In order to calculate BIFs, the filter
responses are scale-normalised by sij = σi+ j cij , where sij is the normalised value of the filter
q
response cij at scale σ. γ and λ are computed by λ = s20 + s02 and γ = (s20 − s02 )2 + 4s211 ,
respectively. The filter response space is partitioned into seven regions, each of which corresponds to a specific geometric structure. The geometric structure of a local image patch
is determined according to the largest BIF computed using the filter responses of its centre pixel. Thus, a texture image can be modelled as a histogram over the seven BIFs. This
modelling procedure of populating a 7-bin BIF histogram can be extended to generate a
more descriptive texture representation by analysing the geometric structures of local image patches at multiple scales. The whole modelling procedure is: 1) convolve the image
with the Gaussian filter bank at four octave-separated scales (σbase , 2σbase , 4σbase , 8σbase ); 2)
compute BIFs for each pixel and produce a stack of four BIF-images by assigning a BIF-label
to each pixel according to the largest BIF; 3) encode the four BIF-labels of each pixel into a
BIF-column; and 4) populate a BIF histogram by counting occurrences of BIF-columns over
the whole image. Thus, all possible configurations of the seven geometric structures across
the four scales comprise the visual dictionary. The BIF-column number ranges from 1 to 74 .

2.4

Textons

Texton based approaches have been widely used for texture classification where textures are
modelled by the statistical distribution of a texton dictionary. A variety of textons have been
developed. On the one hand, textons are generated by clustering the joint filter responses of
a filter bank over a training set and the cluster centres are considered as textons. In [Varma
and Zisserman, 2005], four filter sets (LM, S, MR4, and MR8) were investigated and com-

Z. CHEN, E. DENTON, R. ZWIGGELAAR: BREAST TISSUE APPEARANCE MODELLING
Annals of the BMVA Vol. 2013, No. 3, pp 1–19 (2013)

εs00

2

q

s210 + s201

λ

−λ

1

5

1

2− 2 ( γ − λ ) 2− 2 ( γ + λ )

γ

Figure 3: The example image patches of geometric structure corresponding to each of the
seven BIFs.

Figure 4: MR8 filter bank, consisting of an edge and a bar filter at six orientations and three
scales, a Gaussian and a Laplacian of Gaussian filter.
pared which showed that MR8 outperforms the other three. The MR8 filter bank consists
of an edge and a bar filter at six orientations and three scales, a Gaussian and a Laplacian
of Gaussian (LoG) filter (all shown in Figure 4). Only eight filter responses are retained,
which include the six maximum filter responses of the two anisotropic filters across the six
orientations at each scale and the responses of the two isotropic filters. To generate texture
models, a selection of training images is first chosen randomly per texture class. The joint
filter responses over all the training images from one class are then aggregated and clustered using the classic K-Means algorithm. The cluster centres (i.e. textons) for each class
are gathered together to comprise the texton dictionary. Finally, textures are modelled by
frequency histograms of textons. On the other hand, raw image patches are used to learn
textons in [Varma and Zisserman, 2009]. The texture modelling procedure is similar as described above. The difference is that the joint filter responses are replaced by the source
image patches. Textures are modelled based on the joint distribution of original pixel values instead of filter responses of local neighbourhoods. It has been demonstrated that the
image-patch based representation can provide superior performance to the filter-response
based approaches.

3

Breast Tissue Appearance Modelling

In this section, we present a method for modelling breast tissue appearance based on local
features in mammographic images. We employ the five strategies described in the previous
section. Local features are extracted from the local neighbourhoods of breast tissue pixels
and are statistically analysed to build overall models of breast tissue.
The schema of our method is shown in Figure 5. Firstly, as a pre-processing step, the
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Figure 5: The schema of modelling breast tissue appearance based on statistical analysis of
local tissue appearance.
breast region is segmented to remove the background and the pectoral muscle [Chen and
Zwiggelaar, 2010]. Subsequently, local features are extracted at each breast tissue pixel
within the breast region (pixels in the background are excluded from feature extraction).
After that, a visual dictionary is generated in the same ways as described in the previous
section, containing a collection of local tissue appearance. Finally, every breast tissue pixel
is labelled with the nearest “word” in the dictionary and is assigned to the corresponding
histogram bin. Thus, a mammographic image is modelled as a histogram of the “words” in
the dictionary.
Here, the mammographic images from the MIAS database are used for experiments to
demonstrate the process of breast tissue appearance modelling. The original spatial resolution is 50µm × 50µm per pixel. Due to memory and efficiency reasons, we downsampled
the full resolution to 800µm × 800µm per pixel using a Gaussian pyramid reduction [Burt
and Adelson, 1983]. When modelling breast tissue appearance, to eliminate bias caused
by the image edge and the breast-background boundary, we only focus on the pixels with
neighbourhoods entirely located within the breast region. All valid pixels can be identified automatically based on the breast region mask obtained from the initial segmentation
step. In addition to generating the 1-dimensional histogram models, we display the resulting models in the form of 2-dimensional label maps, providing a visual representation of the
overall distribution of local features in the breast. To generate a label map, for each breast
tissue pixel, we search for the nearest (exactly matched or nearly matched) “word” to the
local feature extracted at its position across the dictionary, and assign a label to it according
to the response “word”. The background pixels and the invalid breast tissue pixels (close
to the image edge or the breast-background boundary) are set to zero. The details of the
implementation of the five strategies are provided below:
• LBP
We first use a 3 × 3 neighbourhood, containing 9 pixels within the local window. Thus,
in equation 1, the value of P is equal to 9 and the LBP number ranges from 1 to 29 .
The visual dictionary of local tissue appearance is composed of 29 binary patterns and
the dimensionality of LBP histograms is 29 . We also use a local window size equal
to 5 × 5 and 7 × 7, which creates 225 and 249 binary patterns. Thus, the LBP number
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ranges from 1 to 225 /249 and the dimensionality of the LBP histograms is 225 /249 . Figure 6 shows the resulting LBP label maps of example mammograms covering the four
BIRADS categories.
• LGA
As described in Section 2.2, there are two important parameters in the LGA based approach: the greylevel resolution and the local window size. To investigate the effect of
these two parameters on the modelling results, we first use a fixed local window size of
3 × 3 and reduce the greylevel resolution into 8 and 16. Thus, in equation 2, the value of
Ng is equal to 8 and 16, and the LGA number ranges from 1 to 89 and 169 , respectively.
The visual dictionary is composed of 89 and 169 local greylevel appearances and the
dimensionality of the LGA histograms is 89 and 169 , respectively. The resulting LGA label maps of example mammograms covering the four BIRADS categories are shown in
the second and third rows of Figure 7. When using a higher greylevel resolution of 16,
the LGA label maps indicate a more subtle representation of mammographic tissue. In
addition, we use a fixed greylevel resolution of 16 and set the local window size equal
to 3 × 3 and 5 × 5. Thus, the LGA number ranges from 1 to 169 and 1625 , respectively.
The resulting LGA label maps of example mammograms with respect to variation in
the local window size are shown in the third and bottom rows of Figure 7. As shown
in Figure 7, when using a greylevel resolution of 16, the LGA label maps appear almost
the same for 3 × 3 and 5 × 5 local windows. It might be explained that although the
data range of the colour bar is increased from 1 − 169 to 1 − 1625 , the relative colour
values of the main components in the label maps remain almost the same. The LGA
based approach models local tissue appearance over a range of greylevels instead of
reducing local windows into binary patterns, which generates a higher-dimensionality
feature space than LBP.
• BIF
There are two parameters which can be tuned when computing BIFs: these are ε and
σbase . The parameter ε determines the tolerance of a region to be considered sufficiently uniform and assigned to the first BIF category [Crosier and Griffin, 2010]. The
parameter σbase is the finest scale of the Gaussian filter bank. To test variation of the
modelling results with respect to the two parameters, we first use a setting of ε = 0
and set σbase equal to 1 and 1.2, respectively. The usage of ε = 0 is for the purpose
of mainly focusing on structure information without the flat pattern for the analysis
of local tissue appearance. As described in Section 2.3, the seven BIFs are computed
at four octave-separated scales. Thus the corresponding scale range is (1, 2, 4, 8) and
(1.2, 2.4, 4.8, 9.6), which results in 74 BIF-columns. The resulting BIF label maps of example mammograms are shown in the second and third rows of Figure 8. Due to the
exclusion of the flat pattern, the first BIF is never selected, which results in a set of BIFcolumns never happen. In addition, we use a fixed setting of σbase = 1 and set ε equal
to 0 and 200, respectively. The resulting BIF label maps of example mammograms are
shown in the second and bottom rows of Figure 8. When using a large ε value of 200,
dark blue filters into the breast, which indicates low-contrast structures are smoothed
and assigned to the flat category. The distribution of BIF-columns is extended to the
whole histogram. Note that BIF label maps aim to describe the aspect of geometric
structure of local tissue appearance, where different colours represent different config-
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urations of the seven BIFs across the four scales, and therefore there is no direct link
between colour with greylevel information. Different arrangement of the seven BIFs
can change the colour value of a BIF-column.
• Texton I and Texton II
We use both types of textons as described in Section 2.4 for modelling mammographic
tissue appearance. We refer to the two modelling strategies based on the MR8 and
image-patch textons as Texton I and Texton II, respectively. We randomly selected 40
images from the MIAS database as the training set to learn the textons of breast tissue
appearance in mammograms. When selecting the training images, BIRADS categories
of mammograms are not taken into account (we do not make an implicit assumption
that mammograms in each BIRADS class have the same tissue appearance). For Texton I, we set (σx , σy ) = {(1, 3), (2, 6), (4, 12)} for the oriented filters and set σ = 10 for
the Gaussian and LoG filters in the MR8 filter bank. After filtering all training images
with the MR8 filter bank, a set of 8 dimensional vectors of filter responses are produced. For Texton II, 3 × 3 image patches are extracted around each valid pixel (i.e.
its local neighbourhood is entirely located within the breast region) from all training
images, and then these extracted image patches are rearranged in row order to form
a set of 9 dimensional vectors of raw image pixels. Subsequently, the classic K-means
algorithm is employed to cluster the resulting 8/9 dimensional vectors and generate
the textons. For each individual texton type, 40, 80 and 160 textons are generated and
sorted according to their magnitude values in ascending order. Thus, the dictionary
is composed of 40, 80 and 160 textons and the dimensionality of texton histograms is
40, 80 and 160, respectively. Finally, the label map is obtained by labelling each breast
tissue pixel with the nearest texton. Note that the pre-processing step in Varma and
Zisserman [2005, 2009] is not applied here, and the filter responses in Texton I are not
normalised by Weber’s law as in Varma and Zisserman [2005, 2009], in order to retain
the original intensity correlation between mammograms. Figure 9 shows the resulting
label maps for Texton I when generating 40, 80 and 160 textons. Figure 10 shows the
resulting label maps for Texton II when generating 40, 80 and 160 textons. As shown in
Figure 9 and 10, the label maps for each example mammogram have an approximately
similar appearance when using different numbers of textons. As the number of textons
increases, more local details are retained due to the increase in resolution.

4

Experimental Results

The full MIAS database [Suckling et al., 1994] was used for experiments, which contains 322
left and right Medio-Lateral Oblique (MLO) mammograms taken from 161 women. Three
experts classified 321 available mammograms (mdb295ll was excluded for historical reasons)
into four BIRADS density categories [American College of Radiology, 1998]. The consensus
between individual classification decisions was considered as the ground truth. Breast tissue
appearance models were built for each mammogram by using the five strategies described
above. The obtained results were evaluated qualitatively and quantitatively.
Qualitative evaluation was based on the label maps. As indicated from the resulting label maps of the five modelling strategies, LBP is sensitive to noise and small scale textures,
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Figure 6: Example mammograms (top row) and the resulting LBP label maps when using
3 × 3 (second row), 5 × 5 (third row), and 7 × 7 (bottom row) local windows. From left to
right, the mammograms are sorted from BIRADS I to BIRADS IV. Different colours show
different local binary patterns. A color bar is given to show the colour data range.
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Figure 7: Example mammograms (top row) and the resulting LGA label maps when using
different parameters. Second row: 3 × 3 local windows and a greylevel resolution of 8; third
row: 3 × 3 local windows and a greylevel resolution of 16; and bottom row: 5 × 5 local
windows and a greylevel resolution of 16. From left to right, the mammograms are sorted
from BIRADS I to BIRADS IV. Different colours show different local greylevel appearances.
A color bar is given to show the colour data range.
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Figure 8: Example mammograms (top row) and the resulting BIF label maps when using
different parameters. Second row: σbase = 1, ε = 0; third row: σbase = 1.2, ε = 0; and bottom
row: σbase = 1, ε = 200. From left to right, the mammograms are sorted from BIRADS I to
BIRADS IV. Different colours represent different configurations of a stack of BIFs over four
scales. A color bar is given to show the colour data range.
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Figure 9: Example mammograms (top row) and the resulting Texton I label maps when generating 40 (second row), 80 (third row), and 160 (bottom row) textons. From left to right, the
mammograms are sorted from BIRADS I to BIRADS IV. Different colours represent different
textons.
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Figure 10: Example mammograms (top row) and the resulting Texton II label maps when
generating 40 (second row), 80 (third row), and 160 (bottom row) textons. From left to right,
the mammograms are sorted from BIRADS I to BIRADS IV. Different colours represent different textons.
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and therefore no large homogeneous regions are obtained within the breast region. The label maps for LGA and Texton II indicate realistic segmentation with respect to breast tissue
density. The area of dense tissue regions (labelled with red colour) in mammograms increases from BIRADS I to BIRADS IV. Texton I has strong responses to the boundary between
dense and fatty tissue regions, and relatively homogeneous regions are obtained within the
dense/fatty tissue. For BIF, cell-like regions are obtained within the breast, representing the
mixture of geometric structures across multiple scales.
For quantitative evaluation, we applied the resulting models in the form of occurrence
histograms (L1 normalised) to breast density classification. A leave-one-woman-out evaluation methodology was used for the classification. When classifying one mammogram, the
other mammogram from the same woman was excluded from the training samples to avoid
bias (left and right mammograms from the same woman might have similar tissue features).
We used a k-Nearest Neighbours (kNN) based classifier. The kNN classification was based
on a simple majority vote, unless equal class probability was indicated, in which case a Euclidean weighted approach was used. The similarity between two models was measured
using the χ2 distribution comparison, where χ2 ( x, y) = 0.5 ∑ in=1 ( xi − yi )2 /( xi + yi ).
As described above, the occurrence histograms of the five types of local features were
populated by spanning the full dictionary. This could result in sparse histograms as some
image appearances never happen in the real observation of breast tissue. To investigate all
possible occurrences of the five types of local features in the MIAS database, five occurrence
histograms were generated across the full database, each corresponding to one type of local
features (Figure 11 (left column)). The parameters in the five algorithms were set as below: 3 × 3 neighbours for LBP, LGA and Texton II, Ng = 16, ε = 0, σbase = 1, (σx , σy ) =
{(1, 3), (2, 6), (4, 12)}, σ = 10, and 160 textons for Texton I and Texton II. It is shown that
many histogram bins are empty or nearly empty especially in higher-dimensional histograms.
This indicates many “words” in the dictionary were rarely referenced. Therefore, we only
used the informative part instead of the full range of the histograms for the classification. To
select the dominant “words” from the dictionary for each type of local features, we sorted
the histogram bins of each occurrence histogram in descending order and as such the front
histogram bins indicated the occurrences of the most frequently used “words”. We then
calculated an accumulative histogram for each sorted occurrence histogram and chose the
“words” of which corresponding occurrences occupied a high percentage (varying from 60%
to 99% for different cases in this work) of the total occurrence as the dominant “words”.
Thus, the “words” which were never or rarely referenced were removed and the remaining
“words” comprised a more common dictionary. It was shown by experiments that using
the frequently referenced “words” can effectively retain the fineness of the histogram representation and remove noise (i.e. never/rarely referenced “words”) simultaneously. Relatively compact histograms with lower dimensions can be obtained by referring to the more
common dictionary. The regenereted five occurrence histograms after compressing the visual dictionary are shown in Figure 11 (right column) where the dictionary is composed of
the “words” which make up 99% occurrences. It is shown that the dimensionality of the
occurrence histograms was significantly reduced after compressing the visual dictionary, especially for LBP, LGA, and BIF. As we used a high percentage of 99% here, the removed
histogram bins were mainly those empty or almost empty ones and as such there was no
significant change in the layout of the histograms. The resulting common dictionary for
each type of local features was used to generate the following experimental results.
Table 1 shows the overall classification accuracy (CA) for the five modelling strategies
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Figure 11: The occurrence histograms generated across the full MIAS database using the five
strategies. Left column: using the whole dictionary; right column: using the compressed
dictionary composed of the “words” occupying 99% occurrences.
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Table 1: Classification accuracy for the five modelling strategies using different parameters.
Approach
Overall classification accuracy for different parameters
LBP
59% (3 × 3 neighbours) 60% (5 × 5 neighbours) 47% (7 × 7 neighbours)
LGA
68% (3 × 3, Ng = 8)
71% (3 × 3, Ng = 16)
72% (5 × 5, Ng = 16)
BIF
70% (σbase = 1, ε = 0)
66% (σbase = 1.2, ε = 0) 68% (σbase = 1, ε = 200)
Texton I
67% (40 textons)
69% (80 textons)
70% (160 textons)
Texton II 67% (40 textons)
70% (80 textons)
75% (160 textons)

with respect to different parameters. LBP obtained the best CA of 60% when using 5 × 5
neighbours. For LGA, the best CA was 72% with 5 × 5 neighbours and a greylevel resolution
of 16. The best CA for BIF was 70% when setting σbase = 1 and ε = 0. Different values
of ε produced similar classification results. For Texton I and Texton II, the best CA was
obtained when generating 160 textons, which was 70% and 75%, respectively. As indicated
above, the best classification performance was shown by Texon II, which was followed by
LGA, providing the second-best result. BIF and Texton I, which are both filter bank based
approaches, produced similar results. LBP performed worst among these five approaches
especially when using a large size of local windows.
The confusion matrices corresponding to the best CAs for the five strategies (marked in
bold in Table 1) are shown in Table 2. When analysing each BIRADS class: for BIRADS I, the
best CA was 90% obtained by LGA and Texton I; for BIRADS II, Texton II provided the best
CA of 79%; for BIRADS III, BIF and Texton II indicated the best CA of 70%; and for BIRADS
IV, BIF achieved the best CA of 73%.
In addition, we investigated the performance of combining the outputs of the five individual kNN classifiers. The binary classification results of the kNN classifiers were transformed into continuous-valued outputs, which can be interpreted as posterior probabilities.
For a test object x, the probability of it belonging to class Bj is proportional to the number
of neighbours belonging to class Bj among the k nearest neighbours, and the probability
value has an inverse relationship with the distances between x and these neighbours, which
is computed by P( Bj | x ) = ∑ x j ∈ Bj ∩kNN 1+dist1(x,x ) , where Bj ∩ kNN denotes the neighbours
j

belonging to class Bj among the k nearest neighbours. If Bj ∩ kNN = φ, P( Bj | x ) = 0. The
values of P( Bj | x ) ( j = 1, 2, 3, 4) are normalised to make the sum of the outputs over all the
four BIRADS classes equal to 1.
A weighted average combination rule was used to compute the total probability for each
class. For a test mammogram, the total probability corresponding to class Bj (denoted by
Psum ( Bj )) is obtained by Psum ( Bj ) = ∑5t=1 wt P( Bj | xt ), where P( Bj | xt ) is the output of the
tth classifier, and wt is the corresponding weight value. We set w1 = 0.6, w2 = 0.4, w3 = 0.7,
w4 = 0.1, and w5 = 0.9 experimentally, but small variations provided similar results. The
obtained overall CA is 78% for the four BIRADS density categories, which indicates better
performance compared with those obtained by the individual classifiers. The resulting confusion matrix is also shown in Table 2. Note that none of mammograms were mis-classified
by more than one BIRADS class. When considering high/low density classification, the CA
increases to 90%.
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5

Truth

Truth

Texton II
BIRADS I II III IV CA
I
76 10 1 0 87%
II
9 81 13 0 79%
III
0 24 66 4 70%
IV
1 0 19 1746%

Comb.
BIRADS I II III IV CA
I
82 5 0 0 94%
II
18 75 10 0 73%
III
0 21 71 2 76%
IV
0 0 15 2259%

Truth

Truth

Texton I
BIRADS I II III IV CA
I
78 8 1 0 90%
II
18 68 17 0 66%
III
0 29 63 2 67%
IV
0 4 18 1541%

Truth

Truth

Table 2: Confusion matrices for breast density classification using different strategies.
LBP
LGA
BIF
BIRADS I II III IV CA
BIRADS I II III IV CA
BIRADS I II III IV CA
I
67 19 1 0 77%
I
78 8 1 0 90%
I
76 9 2 0 87%
II
26 39 38 0 38%
II
22 73 8 0 71%
II
29 57 17 0 55%
III
1 23 65 5 69%
III
0 30 62 2 66%
III
2 23 66 3 70%
IV
0 0 15 2259%
IV
1 0 17 1951%
IV
0 1 9 2773%

Discussion

The different performance of the five strategies can be explained by their individual properties. LBP transforms local tissue appearance into an LBP number, excluding greylevel information from the process of breast tissue modelling. However, greylevel information plays
an important role in describing breast tissue density in mammographic images. Therefore,
this results in its worst behavior among the five approaches. In contrast, LGA and Texton II
focus on greylevel appearance within local neighbourhoods. As shown in Figures 7 and 10,
the resulting label maps indicate realistic density based segmentation. This might explain
their superior performance for breast density classification. On the other hand, BIF and Texton I are based on filter banks and include greylevel information into the modelling process.
However, they are sensitive to small tissue structures, such as small edges, bars, and blobs,
which are relatively less significant for evaluating the overall breast density, thus they indicate the intermediate results.
As mentioned in the previous sections, there are a number of parameters in these approaches. One common parameter in LBP, LGA, and Texton II is the size of local neighbourhoods. It should be clear that using a large neighbourhood will drastically increase the
feature space dimensionality. For instance, in LBP and LGA, the number of histogram bins
grows exponentially as the neighbourhood size increases, and soon exceeds the number of
breast tissue pixels in mammographic images, which would raise the risk of overfitting the
data and result in extremely sparse histograms. As indicated in Table 1, when using a larger
neighbourhood of 7 × 7, the classification result was considerably reduced. The second parameter in LGA is the greylevel resolution Ng , which also has a significant effect on the
feature space dimensinality. When setting Ng = 2, the local neighbourhood is transformed
into the binary pattern (i.e. LBP). Thus, LGA can be regarded as an extended version of LBP.
As indicated in Table 1, a greylevel resolution of 16 can be an optimal choice in this work.
For the texton based approaches, an important parameter is the number of textons generated
in the training step. Increasing the number of textons would also result in an increased risk
of overfitting for the K-Means clustering. We used 160 textons for Texton I and Texton II.
On the other hand, the scale parameters in the filter banks and the image spatial resolution
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involve multiresolution aspects, which could be further investigated.
We compared the obtained results with closely related publications where the BIRADS
criterion was used for breast density classification. Petroudi et al. [Petroudi et al., 2003]
modelled parenchymal patterns of the whole breast with a statistical distribution of textons. They obtained an overall CA of 76% for the Oxford Database. Oliver et al. [Oliver
et al., 2008] extracted morphological and texture features from dense and fatty tissue regions. They obtained an overall CA of 77% for the MIAS database, which increased to 86%
when the Bayesian combination of the kNN classifier and the C4.5 decision tree was used.
He et al. [He et al., 2012] developed a number of mammographic image segmentation methods for mammographic risk assessment. The best classification accuracy that they recently
obtained was 78%. It is shown that our results are comparable to related publications. Note
that the same database and the same classification ground truth were used in [Oliver et al.,
2008, He et al., 2012], which enables a direct comparison.

6

Conclusions

We have presented a method for modelling breast tissue appearance in mammograms based
on statistical analysis of local appearance. We generated a visual dictionary of generic breast
tissue appearance by aggregating local features across different density classes. Mammographic tissue patterns are modelled with occurrence histograms of local features in the visual dictionary. We investigated five types of local features and evaluated their performance
qualitatively and quantitatively. For qualitative evaluation, the resulting label maps have
shown different types of segmentations with respect to specific local tissue appearance. For
quantitative evaluation, the resulting histogram models have been applied to breast density
classification. The experimental results have indicated the validity of our method. To our
knowledge, this work is the first attempt to investigate different local feature based strategies for breast density classification. As future work, we can further investigate the aspect of
dimensionality reduction for modelling breast tissue. In addition, alternative classifiers (e.g.
random forests) could also be investigated.
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