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ABSTRACT

Cancer is nowadays considered as one of the most dangerous
diseases in the world. Especially, breast cancer represents for
women the second most common type of cancer and is a main
cause of cancer dead. This paper presents a novel method for
breast cancer detection from mammographic images based on
Local Binary Patterns (LBP). This approach successfully uses
LBP based features with a classifier and thresholding. The
proposed method is evaluated on a set composed of images
extracted from MIAS and DDSM databases. We have ex-
perimentally shown that the proposed method is efficient and
effective because the achieved accuracy is about 84%.

Index Terms— Breast, Cancer Detection, Computer-
Aided Detection, CAD, Local Binary Patterns, LBP, Mam-
mography, SVM

1. INTRODUCTION

Cancer belongs to the today’s most dangerous health issues in
the world and its incidence is increasing. Particularly, breast
cancer is for women the main cause of cancer death and the
second most common type of cancer [1]. Unfortunately, there
is not possible to prevent this disease, because its cause is not
known. However, early detection is very important to manage
and heal it. Mammography represents a very effective method
for early detection of breast cancer signs [2]. It may identify
several abnormalities such as masses, calcifications, asymme-
tries, etc. Especially, Computer-Aided Detection (CAD) sys-
tems play a pivotal role for this task and they thus can save
the life of many women.

One of the most popular methods for feature extraction
are Local Binary Patterns (LBP). It was originally proposed
for texture classification in [3]. Lately, it is frequently used
also for other tasks such as facial expression recognition, face
recognition, fingerprint identification or several medical ap-
plications [4, 5].

Because LBP operator is very efficient for many image
representation tasks, moreover we have good experiences in
the face recognition field [6], we would like to use it for analy-
sis of mammographic images. Therefore, we propose a novel

breast cancer detection method based on LBP features. This
approach computes local LBP histograms, which are further
used to create feature vectors. Then a classifier is used to-
gether with thresholding to identify the cancerous tissues.

It is worth of noting that, to the best of our knowledge,
only few papers [7, 8] use LBP features for breast cancer de-
tection. However, the LBP is used significantly differently
compared to the proposed approach:

• we use several separated local histograms with thresh-
olding instead of one large vector;

• we use uniform LBP operator instead of the classical
LBP.

The results of this work should be integrated to a novel
computer-aided detection system to help the radiologist to
discover the breast cancer in the very early stages.

The rest of the paper is organized as follows. Section 2
describes related work and is composed of the two parts. The
first one summarizes the main medical analysis methods with
a particular focus on mammographic screening, while the sec-
ond one shows the most important methods based on LBP.
Section 3 details the proposed breast cancer detection method.
Section 4 first describes the database used for evaluation and
then presents the results of experiments realized on this data.
The last section discusses the results and proposes some fu-
ture research directions.

2. RELATED WORK

The first part of this section summarizes the state-of-the-
art methods in the cancer detection field. The second one
presents a very short overview of local descriptors that are
beneficial for this work.

2.1. Breast Cancer Detection Methods

Mammography has already a long history dated back to the
late 1950s. Regardless of some controversial opinions about
this procedure [9], it remains the most used method for breast
cancer detection. Evaluation of mammographic images is per-
formed by a radiologist, but since the 1990s there are efforts



to find a reliable computerized method that helps the radiol-
ogists to decide automatically whether an image is malignant
or not.

One of the seminal approaches was presented in [10].
This paper deals with detection of circumscribed masses in
the mammographic images. Median filtering is employed as
a preprocessing and a template matching approach is used
for detection of suspicious regions. Finally, a correlation of
the regions and the template is thresholded to determine the
cancerous regions.

A sophisticated method for image preprocessing was
proposed in [11]. The method is called Adaptive Density-
Weighted Contrast Enhancement (DWCE). This algorithm
improves visibility of important image structures so that an
edge detection algorithm can be utilized for detecting object
boundaries. Laplacian-Gaussian detector is used for edge
detection.

Another method for mammogram enhancement called
NonLinear Unsharp Masking (NLUM) was proposed in [12].
The method first applies nonlinear filtering and combines the
normalized filtered image with the original one. It is a config-
urable algorithm that allows the user to use different filters.
In addition, the parameters of the method can be set manually
or adjusted automatically.

The preprocessing of original images is followed by the
Regions of Interest (RoI) detection. One of methods used for
this task is based on texture features, K-means clustering and
Support Vector Machines (SVM) [13]. The texture features
are created using a co-occurrence matrix representing spatial
dependencies of gray levels. Additionally, several shape fea-
tures are used together with the texture ones. K-means algo-
rithm is used to cluster the regions into several (4 to 6) classes.
Finally, the SVM classifier differentiates between mass and
non-mass regions.

Another approach [14] uses Principal Component Analy-
sis (PCA) for classification of RoI images. The experiments
are performed on two subsets of MIAS and DDSM databases.
Reported Az values are 0.92 and 0.83 for MIAS and DDSM
datasets respectively.

Work of Oliver at al. [7] deals with the false positive re-
duction. The approach is based on LBP descriptors and SVM
classifier is used to distinguish between true and false posi-
tives. This method is evaluated on manually created RoI sub-
set of the DDSM database.

In [8], the authors propose a novel LBP based operator
called “completed” LBP (CLBP) which considers the sign,
magnitude and center gray level values in the images. Finally,
extracted features are analyzed by a SVM classifier for iden-
tifying normal and cancerous images. Although the authors
claim that this operator is robust for breast cancer detection,
it is not clear how the CLBP features are used with SVM clas-
sifier and the detection score is not reported in the paper.

Other methods for breast cancer detection can be found
in [15] or [16].

2.2. Local Binary Patterns and its Variants

Methods based on LBP usually use histograms of LBP values
computed in rectangular regions [4]. The concatenated his-
tograms constitute object representation vectors. These vec-
tors are then compared using some distance metrics as for
instance histogram intersection or Chi square distance.

An interesting LBP extension which is proposed by Ojala
in [3] are so called uniform Local Binary Patterns. A pattern
is called uniform if it contains at most two transitions from 0
to 1 or from 1 to 0. It was proved that approximately 90% of
the patterns in facial images are uniform. The histogram can
then be shortened from 256 intervals (bins) to 59, where the
59th bin is reserved for the non-uniform patterns. This LBP
adaptation will be also integrated in this work.

Li et al. propose Dynamic Threshold Local Binary Pattern
(DTLBP) [17]. They use the mean value of the neighbouring
pixels and also the maximum contrast between the neighbour-
ing points. Another LBP extension are Local Ternary Patterns
(LTP) [18] which uses three states to capture the differences
between the central pixel and the neighbouring ones. The au-
thors claim that both DTLBP and LTP are less sensitive to the
noise than the original LBP method.

Local Derivative Patterns (LDP) are proposed in [19]. The
difference from the original LBP is that it uses features of
higher order. It thus can represent more information than the
original approach.

Davarzani et al. propose in [20] a weighted and adap-
tive LBP-based texture descriptor. This approach successfully
handles some issues in the previously proposed LBP-based
approaches such as invariance to scaling, rotation, viewpoint
variations and non-rigid deformations.

For additional information about the LBP based methods,
please see the surveys [21, 22].

3. LBP FEATURES FOR BREAST CANCER
DETECTION

The proposed cancer detection method is composed of the
four main steps:

1. image preprocessing
2. local binary patterns computation
3. image representation creation
4. cancer detection

3.1. Image Preprocesing

The whole mammographic image is composed of the breast
itself and some background. Therefore, the first step consists
in background removal in order to separate the breast image
only.

Due to the image character where background is almost
homogeneous (usually black color) and breast object differs
significantly, we can do a simple thresholding technique for



Fig. 1. Original mammographic image (left) and the result of
the Otsu method (right)

this purpose. We use popular Otsu method [23] due to its
very good results in many image processing areas. The result
of this step is shown in Figure 1.

3.2. Local Binary Patterns Computation

Local binary patterns are used to compute our feature vectors.
Therefore, this algorithm is shortly described next.

The original LBP operator uses a 3×3 square neighbour-
hood centred at the given pixel. The algorithm assigns either
0 or 1 value to the 8 neighbouring pixels by Equation 1.

N =

{
0 if gN < gC
1 if gN ≥ gC

(1)

where N is the binary value assigned to the neighbouring
pixel, gN denotes the gray-level value of the neighbouring
pixel and gC is the gray-level value of the central pixel. The
resulting values are then concatenated into an 8 bit binary
number. Its decimal representation is used for further compu-
tation.

3.3. Image Representation Creation

We compute LBP values in all points of the breast image
(background removed by Otsu). The image is then divided
into a set of square cells lying on a regular grid. Feature vec-
tors are computed for each cell as a histogram of the LBP val-
ues. We use previously described uniform patterns, therefore
the feature vector size is 59. Every cell is then represented by
one feature vector.

3.4. Cancer Detection

We assume that by setting an optimal LBP cell size it is pos-
sible to cover by this cell almost all breast tumors. We thus
consider a binary classifier which decides whether one breast
region is healthy or cancerous. These regions correspond to
the optimal LBP cells which size will be set experimentally.
The input of the classifier is the uniform LBP histogram. The
classifier then assigns values for all square cells of the whole

image. The final decision is based on the thresholding: an
image with higher number of positive regions than a given
threshold is classified as cancerous. Because of very good
accuracy in many computer vision tasks which also includes
breast cancer detection [24], support vector machines are used
as a classifier.

4. EVALUATION

4.1. Corpora

4.1.1. MiniMammographic (MIAS) Database

This database [25] was created by Mammographic Image
Analysis Society (MIAS) and contains 322 digitized breast
images in the resolution 1024x1024. It includes radiologist’s
“truth”-markings on the locations of any abnormalities that
may be present.

4.1.2. Digital Database for Screening Mammography (DDMS)

DDSM database [26] is another collection of mammographic
images, which contains approximately 2,500 studies. Each
study includes two images of each breast with associated pa-
tient information (e.g. age at time of study, ACR breast den-
sity rating, etc.). Images with suspicious areas have associ-
ated pixel-level “ground truth” information about the loca-
tions and types of suspicious regions.

4.1.3. Evaluation Set

We have created from these two databases another set of patch
images containing 17,639 samples which are used to evaluate
the proposed method. This set was divided into testing and
training parts. Testing part is composed of 1,000 normal and
1,000 cancerous images, while all remaining images are used
for training of the SVM classifier.

4.2. Experimental Set-up

We used OpenCV1 toolkit for implementation of our exper-
iments. As mentioned previously, we chose LBP algorithm
to create our feature vectors. For cancer detection, we used
OpenCV implementation of the SVM classifier with polyno-
mial kernel (parameter γ = 0.5).

4.3. Experiments

The size of the LBP cell is one key parameter of the proposed
method. This value must be set correctly to discover the ma-
jority of the tumor types. In the first experiment, we would
like thus to identify its optimal value. The results of this ex-
periment are depicted in Figure 2. This figure clearly shows
that this parameter significantly influences the performance of

1http://opencv.org/



the whole algorithm. Based on these results, we use next the
LBP cell size 32.
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Fig. 2. Cancer detection accuracy depending on the LBP cell
size

Our classification algorithm uses a threshold for cancer
detection. Therefore, in the second experiment, we would
like to identify its optimal value. Figure 3 shows cancer de-
tection accuracy, precision, recall and f-measure depending
on this acceptance threshold. The best threshold value is set
experimentally to 0.5 where the corresponding accuracy and
f-measure values are maximal, about 84%. However, it is
possible to set higher value to obtain better recall which is
important for radiologists.

The last experiment shows the Receiver Operating Char-
acteristic (ROC) [27] of the proposed approach. This curve
reports the true positive rate against the false positive rate with
various acceptance threshold. The results of this experiment
shows Figure 4. This figure confirms that the proposed ap-
proach is suitable for our task in order to identify cancerous
images.

It is worth of noting that the previously reported ap-
proaches usually use different data-sets and different ex-
perimental set-ups. Therefore, it is generally not possible to
compare the previous works between themselves and it is also
not possible to compare the reported results of the proposed
method with the previous work.

5. CONCLUSIONS AND FUTURE WORK

This paper proposes a novel breast cancer detection method
which uses LBP features for breast representation. The pro-
posed method was evaluated on a set created from MIAS
and DDMS databases. We have showed that the proposed
method is efficient and effective because the achieved accu-
racy is close to 84%.

In this work, we used the LBP operator for image clas-
sification into two classes. Therefore, our first perspective is
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Fig. 3. Cancer detection accuracy, precision, recall and f-
measure depending on the acceptance threshold
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Fig. 4. ROC curve of the proposed method

to use a more sophisticated descriptor as for instance LDP
or POEM together with our detection algorithm. Then, we
would like to adapt the proposed algorithm to differentiate
the particular cancer types.
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