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Abstract. This paper presents a method for breast density classification. Local ternary pattern operators are employed to model the appearance of the fibroglandular disk region instead of the whole breast
region as the majority of current studies have done. The Support Vector
Machine classifier is used to perform the classification and a stratified
ten-fold cross-validation scheme is employed to evaluate the performance
of the method. The proposed method achieved 82.33% accuracy which
is comparable with some of the best methods in the literature based on
the same dataset and evaluation scheme.
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Introduction

In the United States (US), an estimated 246,660 new cases of invasive breast
cancer were expected to be diagnosed in the US in 2016 with 40,450 women
expected to die [1]. Although dense breasts can be inherited genetically, many
studies have indicated that breast density is a strong risk factor for developing
breast cancer [2–4, 6–12]. Based on the Breast Imaging Reporting and Data
System (BI-RADS), there are four major categories used for classifying breast
density: (a) predominantly fat, (b) fat with some fibroglandular tissue, (c) heterogeneously dense and (d) extremely dense.
During the last two decades, many breast density classification methods have
been proposed in the literature. However, only a few studies have reported accuracy above 80%. The methods of Oliver et al. [2] and Parthaláin et al. [6]
segment the breast region into dense and fatty tissue classes using fuzzy c-means
clustering and extract a set of features from each cluster. Feature selection was
performed to remove redundant descriptors before feeding them into the classifier. Oliver et al. [2] achieved 86% accuracy and Parthaláin et al. [6] who
used a sophisticated feature selection framework achieved 91.4% accuracy. Bovis
and Singh [3] used a combined classifier paradigm and achieved 71.4% correct
classification based on a combination of features extracted using the Fourier
and Discrete Wavelet transforms in conjunction with first and second-order statistical features. Chen et al. [7] compared the performance of local binary patterns (LBP), local greylevel appearance (LGA), textons and basic image features

(BIF) and achieved accuracies of 59%, 72%, 75% and 70%, respectively. Later,
they proposed a method by modelling the distribution of the dense region in topographic representation and reported slightly higher accuracy of 76%. Petroudi
et al. [12] implemented breast density segmentation using textons based on the
Maximum Response 8 (MR8) filter bank and reported 75.5% accuracy. He et
al. [11] achieved an accuracy of 70% using the relative proportions of the four
Tabár’s building blocks. Muštra et al. [5] captured the characteristics of the
breast region using multi-resolution of first and second-order statistical features
and reported 79.3% accuracy.
The majority results reported in the literature (achieved below 80%) indicate
that breast density classification is a difficult task due to a wide variation of tissue
appearance in the mammograms. Most of the proposed methods [2–4, 6–12] in
the literature extract texture information from the whole breast region whereas
most dense tissues are located within the breast fibroglandular disk (F GDroi ). In
this paper, we propose a method that extracts texture features from the F GDroi
only (see Figure 3 later) to obtain more descriptive information. The reminder
of the paper is organised as follows: Section 2 presents the technical aspects of
our proposed method and; Section 3 discuss experimental results and the quantitative evaluation of the proposed method including quantitative comparisons;
and finally Section 4 presents conclusions of this paper.

2

Methodology

We segment the breast region and extract only the F GDroi followed by a simple median filter for noise reduction and extract features to capture the microstructure information from different orientations. The SVM classifier is employed
as a classification approach.
2.1

Pre-processing

We used our breast segmentation method [17] to disassociate the breast region
from the pectoral muscle and the air background, and extract F GDroi from the
breast region. The left most image in Figure 3 shows the estimated fibroglandular
disk area. To extract F GDroi , we find Bw which is the longest perpendicular
distance between the y-axis and the breast boundary (magenta line). Therefore,
the width and the height of the square area of the F GDroi (amber line Figure
3) can be computed as Bw × Bw with the center located at the intersection
point between Bh and Bw lines. Bh is the height of the breast which is the
longest perpendicular distance between the x-axis and the breast boundary. Bh
is then relocated in the middle of Bw to get the intersection point. The size of
the F GDroi varies depending on the width of the breast. For noise reduction,
several techniques have been tested such as mean filter, anisotropic diffusion and
Gaussian filter, and we found that the median filter using a 3 × 3 window size
produced better results on average.

2.2

Feature Extraction

The Local Binary Pattern (LBP) operators were first proposed by Ojala et
al. [13] to encode pixel-wise information based on its different mapping tables
namely uniform LBP (‘u2’), rotation invariant LBP (‘ri’) and rotation invariant uniform (‘riu2’). The Local Ternary Pattern (LTP) operators are among the
variants of the LBP operators which have shown promising results in a study
conducted by Nanni et al. [14]. Both are similar in terms of architecture as each
are defined by using a circle and a number of neighbours (see Figure 1). The
main difference is that the LTP thresholds the neighbouring pixels into three
values -1, 0 and 1 (three-value encoding) using a threshold constant set by the
user, whereas the LBP thresholds the neighbouring pixels into two values 0 and
1 (two-value encoding). The LTP decimal value of a pixel (i, j) is given by:
(P −1)
pattern
LT P(P,R)
(i, j)
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where R is the circle radius, P is the number of neighbours, k is the threshold
constant, gc is the grey level value of the center pixel, p is the neighbouring pixel,
gp is the grey level value of the pth neighbour, and pattern ∈ {upper, lower}.
Once the LTP code is generated, it is split into two binary patterns (upper and
lower patterns) by considering its positive, zero and negative components, as
illustrated in Figure 2 using the following conditions
(
1, if s(p) > 0
supper (p) =
(2)
0, if s(p) ≤ 0
(
1, if s(p) < 0
slower (p) =
0, if s(p) ≥ 0

(3)

The LTP code can be generated using the following conditions


−1, if p < gc − k
s(p) = 0,
if p ≥ gc − k and p ≤ gc + k


1,
if p > gc + k

(4)

where s(p) is the pth neighbour containing the LTP code value. In this study we
use the uniform LTP (‘u2’) due to its stability as it is less prone to noise and
by considering only uniform patterns making the number of possible LBP labels
significantly lower and reliable estimation of their distribution requires fewer
samples [16]. To enrich texture information, we extract feature histograms from
both upper and lower binary pattern map of the F GDroi at different orientations;
θ = 0◦ , 45◦ , 90◦ , 135◦ , 180◦ , 225◦ , 270◦ , and 315◦ (as shown in Figure 1) resulting
in eight histograms. Subsequently, we concatenate these histograms to be a long
histogram (representing the occurrences of edges, corners, spots, lines, etc. within

Fig. 1. An illustration of different uniform patterns at different θ and P .

Fig. 2. An illustration of computing the LTP code using P = 8 and R = 1.

the F GDroi ) which will be treated as a feature vector that will be used in the
classification phase.
Figure 3 summarises the feature extraction process in this study. Note that,
in comparison to the other methods [2–4, 6–12] our proposed method applied
the LTP operators only within the F GDroi and features were extracted at eight
different orientations.

Fig. 3. Summary of feature extraction in our study using the LTP operators.

2.3

Classification

Once the feature extraction was completed, the Support Vector Machine (SVM)
was employed as our classification approach. The GridSearch technique was used
to explore the best two parameters (complexity (C) and exponent (e)) by testing
all possible values of C and e (C = 1..10 and e = 0.1..1.0) and selecting the best

combination based on the highest accuracy. The SVM classifier was trained and
in the testing phase, each unseen F GDroi from the testing set is classified as
BI-RADS I, II, III or IV.

3

Experimental Results

To test the performance of the proposed method, we used the well known Mammographic Image Analysis Society (MIAS) database [15] which consists of 322
mammograms of 161 women. Each image contains BI-RADS information (e.g.
BI-RADS class I, II, III or IV) provided by an expert radiologist. A stratified
ten runs 10-fold cross validation scheme was employed, where the patients are
randomly split into 90% for training and 10% for testing and repeated 100 times.
The metric accuracy (Acc) is used to measure the performance of the method
which represents the total number of correctly classified images compared to the
total number of images. The following parameter values for the number of neighbours (P ), radius (R), threshold (k) and orientations (θ) were tested to evaluate
the performance of the proposed method: (a) P ∈ {5, 6, 7, 8}, (b) R ∈ {1, 3, 5},
(c) k ∈ {3, 4, 5} and (d) θ ∈ {0◦ , 45◦ , 90◦ , 135◦ , 180◦ , 225◦ , 270◦ , and 315◦ }.
In addition, we compare the performance when features are extracted from the
whole breast (wb) region versus from the F GDroi .
Table 1 presents the quantitative results when extracting features from the
wb region versus from the F GDroi . Note that θALL means histograms from the
following orientations were concatenated: 0◦ , 45◦ , 90◦ , 135◦ , 135◦ , 180◦ , 225◦ ,
270◦ , and 315◦ . Results show that features are more discriminant if extracted
only from the F GDroi instead of from the whole breast region. For each case
in Table 1, the same parameter settings were used but features were derived
from the F GDroi and wb, and at least 3 − 5% difference in accuracy was observed. Our explanation for these results is that in many cases non-fibroglandular
disk areas predominantly contain fatty tissues regardless of its BI-RADS class
because most dense tissues start to develop within the fibroglandular disk area.
Therefore, capturing micro-structure information outside the fibroglandular disk
means extracting similar information resulting in less discriminative features
across BI-RADS classes. In cases where the non-fibroglandular disk region is
dominated by dense tissue the F GDroi also mostly contains dense tissue. For
example, Figure 4 shows histograms extracted from the whole breast regions
(wb) and F GDroi at θ = 0◦ for two different breasts (BI-RADS I and IV). To
measure the difference quantitatively, we used the χ2 distance (d) to measure
the difference between these histograms and found that d = 0.0705 for H1wb and
H2wb and d = 0.122 for H1F GDroi and H2F GDroi . This means that H1wb is more
similar to H2wb than H1F GDroi and H2F GDroi .
Table 2 shows the classification results for the F GDroi when varying the
values of k, P , R and θ. The proposed method achieved the best Acc = 82.33%
using k = 4, P = 6, R = 5 and θALL . Experimental results suggest that using a single orientation is insufficient to capture the characteristics of dense and
fatty tissues due to multidirectional appearance which is complex and uncertain.

Table 1. Classification results when extracting features from wb versus F GDroi
k

P

4
5
4
4
4
3

6
6
8
6
6
6

R
5
5
5
7
3
3

θ
ALL

θ
θALL
θALL
θALL
θALL
θALL

Acc(%)
82.33(F GDroi )),
80.07(F GDroi ),
78.18(F GDroi ),
77.69(F GDroi ),
76.85(F GDroi ),
76.18(F GDroi ),

76.94(wb)
76.64(wb)
77.43(wb)
74.08(wb)
71.69(wb)
71.67(wb)

Fig. 4. Histograms extracted from the wb versus F GDroi with BI-RADS class I and
IV.

However, using several orientations enable our method to capture complex appearances of the F GDroi . The number of neighbours affects the performance of
the extracted features. Results also suggest that the proposed method is highly
dependent on the parameter settings in the LTP operators which is the main
drawback of our method. However, it can be seen in Table 1 and 2 that the
LTP operators can extract robust features for breast density classification in
mammograms.
Table 2. Classification results when varying the value of k, P , R and θ (features were
extracted from F GDroi ).
k
-

P
6

R
5

θ
θ

ALL
ALL

4

-

5

θ

4

6

-

θALL

4

6

5

-

Acc(%)
79.24(k = 3), 82.33(k = 4)
4), 80.07(k = 5), 76.59(k = 6)
76.38(P = 5), 82.33(P = 6)
6), 77.04(P = 7), 78.18(P = 8)
72.75(R = 2), 78.17(R = 3), 79.31(R = 4), 82.33(R = 5)
82.33(θALL )), 76.67(θ = 0◦ ), 74.25(θ = 45◦ ), 74.07(θ =
90◦ ), 75.44(θ = 135◦ ), 76.89(θ = 180◦ ), 75.22(θ = 225◦ ),
75.17(θ = 270◦ ), and 76.61(θ = 315◦ )

In comparison to the other methods in the literature, our method achieved
82.33% accuracy which is better than the methods proposed by Muštra et al.

[5] (79.3%), Chen et al. [7, 9] (59%, 70%, 72%, 75% and 76%), Bovis and Singh
[3] (71.4%), and He et al. [11] (70%). However, the methods of Parthaláin et
al. [6] and Oliver et al. [2] achieved 91.4% and 86%, respectively. Note that,
to minimise bias, these comparisons are based on only those studies that have
used the MIAS database [15], four-class classification, and using the same evaluation technique as in this study. Our method outperformed the methods in
[3, 4, 7–12] because (a) robust feature extraction operators are used which are
able to capture richer micro-structure information using the three-value encoding technique and are less sensitive to noise, (b) the use of F GDroi minimises
the texture similarity representation of the breast region hence resulting in more
descriptive features across different BI-RADS classes, and (c) we are able to capture a wider range of texture rotation/variation by extracting features from eight
different orientations. In breast imaging, deep learning based approaches are becoming popular due to its capability to learn complex appearances especially
in the area of segmentation and classification. Despite deemed as a ‘black-box’
approach study of Kallenberg et al. [18] reported their results have a very strong
positive relationship with manual ones. Future work would be to employ more
texture futures as investigated by the study of Rampun et al. [19].

4

Conclusion

In conclusion, we have presented and developed a breast density classification
method using the LTP operators applied only within the fibroglandular disk area
which is the most prominent region of the breast instead of the whole breast
region as suggested in current studies [2–4, 6–12]. By only extracting features
from this area, we obtained a set of more discriminative and distinctive texture
descriptors across BI-RADS classes. Quantitative comparisons with the existing
studies on the same dataset and evaluation technique suggest that the proposed
method outperformed most of the current studies in the literature.
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