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Abstract Breast tissue classification is an important and
effective way for computer aided diagnosis of breast cancer
with digital mammogram. Current methods endure two
problems, firstly pectoral muscle influences the classification
performance owing to its texture similar to parenchyma, and
secondly classification algorithms fail to deal with the
nonlinear problem from the digital mammogram. For these
problems, we propose a novel framework of breast tissue
classification based on kernel self-optimized discriminant
analysis combined with the artifacts and pectoral muscle
removal with multi-level segmentation based Connected
Component Labeling analysis. Experiments on mini-MIAS
database are implemented to testify and evaluate the perfor-
mance of proposed algorithm.
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Introduction

One of approximately 11 women at some stage of their life
in the Western world endures breast cancer as a major
health problem in western countries. With the developing of
all medical and technological advances, breast cancer cases
are keeping still increasing in the recent 50 years and it is

alarming but it is true that there is more women affected by
breast cancer. For any form of cancer including breast
cancer, early detection is one of the most important factors
affecting the possibility of recovery from the disease.
Diagnosis using mammography screening programs assisted
by computers is an effective early detection of breast cancer.
In the past one and a half decades, several researchers have
studied computer-aided detection and classification of abnor-
malities about breast cancer in digital mammograms. Breast
density, an important indicator of breast cancer risk in digital
mammogram, an X-ray image of the breast tissue, is widely
used for computer aided diagnosis of breast cancer. Mammo-
graphic density has relations to the breast cancer tumor
characteristics. In the previous works, many statistical feature
extraction methods have been proposed, but all the them
extract the statistical features of the entire breast image
including pectoral muscle and artifacts. Artifacts are from
the processor, the technologist, the mammography and
patient, and most of these artifacts are removed in the previous
work. But for the patient identification and the type of X-ray
view are marked and remained in the digital mammograms.
The texture of pectoral muscle has high influence on
classification owing to its similarity to the parenchyma. In
the previous work, many methods are proposed for breast
tissue density classification. Wang [1] presented histogram
features based neural classification for breast tissue, and
Muhimmah [2] applied multi-resolution histogram features
based support vector machine into mammographic density
classification, and Oliver [3] classified the breast tissue
density through extracting morphological and textural
features and k nearest neighbor classifier. In the past research
work, researcher proposes informative genes selection based
cancer classification with different ways [19–21], and
researchers presented medical image tilt correction method
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[22], and other relative work including DNA splicing system
[23] and image recognition [24, 25]. Recently, Fisher
classifier is a traditional dimensionality reduction technique
for feature extraction, which has been widely used and
proven successful in a lot of real-world applications. Fisher
classifier works well in some cases, but it fails to capture a
nonlinear relationship with a linear mapping. In order to
overcome this weakness of linear Fisher classifier, the kernel
trick is used to represent the complicated nonlinear relation-
ships of input data to develop kernel Fisher classifier.
Kernel-based nonlinear classifier techniques have attracted
much attention in the areas of pattern recognition and
machine learning [6–8]. Some algorithms using the kernel
trick are developed in recent years, such as kernel Fisher
classifier [9] and support vector machine (SVM) [11]. KPCA
was originally developed by Scholkopf et al. [10], while
kernel Fisher classifier was firstly proposed by Mika et al.
[9]. Kernel Fisher classifier has been applied in many real-
world applications owing to its excellent performance on
feature extraction. Researchers have developed a series of
kernel Fisher classifier algorithms (Lu [12] Yang [13], Yeung
[14]). Because the geometrical structure of the data in the
kernel mapping space, which is totally determined by the
kernel function, has significant impact on the performance of
these kernel Fisher classifier. The separability of the data in
the feature space could be even worse if an inappropriate
kernel is used. In order to improve the performance of KFD,
many methods of optimizing the kernel parameters of the
kernel function are developed in recentyears (Huang [15],
Chen [16]). However, choosing the parameters for kernel just
from a set of discrete values of the parameters does not
change the geometrical structures of the data in the kernel
mapping space. In order to overcome the limitation of the
conventional KFD, in this paper, we present a novel Kernel
Self-optimized Fisher Discriminant (KSFD) classifier, and
KSFD adaptive changes the geometrical structure of data in
the feature space with the different parameters of the
quasiconformal kernel. Consequently Kernel Self-optimized
Fisher Analysis is more adaptive to the input data for
classification than KFD. All these methods extract the entire
image including pectoral muscle, while pectoral muscle
influences the classification performance owing to its texture
similar to parenchyma. Moreover, the current classification
methods are linear methods for feature classification, and
they fails to deal with the nonlinear problem from the digital
mammogram. So it is feasible to enhance the classification
performance using the nonlinear kernel based classification
methods.

As above discussion on medical image classification and
its relative research topic, the current research has its
research emphasis on classification but less attention on
image preprocessing and feature extraction. Researches on
the whole framework on the preprocessing, feature extrac-

tion and classification of medical images have not been
paid attentions. In this paper, we propose the framework for
breast tissue classification through eliminating the influence
of background, artifacts and pectoral muscle in the digital
mammograms and improving the nonlinear classification
performance with kernel self-optimized discriminant analysis.
Compared with the current research work, the proposed
framework performs well on breast tissue classification under
considering the background, artifacts and other influences on
classification. We implement a set of experiments on the real
database, MIAS database, from two parts, one is to evaluate
the image preprocessing methods, second is to evaluate the
performance on breast tissue classification with comparing
with other popular breast tissue classification methods.

Classification method: Kernel self-optimization fisher
discriminant

In this section, we propose a novel classification method,
Kernel Self-optimization Fisher Discriminant (KSFD), for
breast tissue classification. Firstly, we review the traditional
kernel Fisher discriminant (KFD) algorithm, and secondly
we present the theoretical derivation in detail of KSFD and
describe its feasibility and affectivity with the 2D Gaussian
distribution data.

Kernel Fisher discriminant

Firstly, we describe the detailed KFD algorithm, and the
main idea of KFD is to map the original training samples to
the feature space F with the nonlinear mapping Ф, and the
linear discriminant analysis is implemented in the feature
space F. Supposed that N dimensional M training sample
x1; x2; :::; xMf g from L classes, then + : RN ! F; x 7!+ðxÞ.

The dimension of feature space F is very high, in order to
avoid to deal with the mapped samples, we introduce the
kernel function, which can be calculated by k x; yð Þ ¼< +ðxÞ;
+ðyÞ >. Through the nonlinear mapping, the scatter
matrix between classes and total scatter matrix in the
feature space F are defined as follows. S+B ¼ PL

i¼1

ni
M mf

i � mf
� �

mf
i � mf

� �T
and S+T ¼ 1

M

PM
i¼1

+ xið Þ � mfð Þ + xið Þ � mfð ÞT , where

mf ¼ 1
M

PM
i¼1

+ xið Þ and mf
j ¼ 1

M

Pnj
i¼1

+ xið Þ. Then

JðV Þ ¼ VTS+B V

VTS+T V
ð1Þ

where V is the discriminative vector. According to the Mercer
function theory, any solution vector V must be lies in the
feature space consisted of + x1ð Þ;+ x2ð Þ; :::;+ xMð Þf g, that is,
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there is one coefficient cp p ¼ 1; 2; :::;Mð Þ cause the follow-
ing equation:

V ¼
XM
p¼1

cpf+ xp
� � ¼ ΨΨa ð2Þ

where < ¼ + x1ð Þ;+ x2ð Þ; :::;+ xMð Þ½ � and a ¼ ½c1; c2; :::; cM �T .
The equation (1) is transformed to

J að Þ ¼ aTKGKa
aTKKa

ð3Þ

where G ¼ diag G1;G2; :::;GLð Þ,Gi is a ni � ni matrix con-
sisted of 1

ni
, K is the kernel matrix calculated by k x; yð Þ. In

fact, let Aopt ¼ a1;a2; :::;ad½ � consisted of d discriminant
vector a1;a2; :::;ad. The matrix Aopt satisfies

Aopt ¼ argmax
A

ATKGKAj j
ATKKAj j ð4Þ

Then the feature vector y of sampe x is y ¼
AT
opt k x; x1ð Þ; k x; x2ð Þ; :::; k x; xnð Þ½ �T .
KFD algorithm:

Step 1. Select kernel function k x; yð Þ and its parameters,
calculate the kernel matrix K;

Step 2. Calculate the projection matrix Aopt;
Step 3. The feature of the sample x is y ¼ AT

opt k x; x1ð Þ;½
k x; x2ð Þ; :::; k x; xnð Þ�T .

As the above discussion, the projection matrix is the
function of kernel matrix. If the kernel function and its
parameter are not appropriately chosen, the projection
matrix is not optimal for the mapping from the input space
to the feature space. So the traditional KFD is not
automatically to adjust the data structure in the feature
space for feature extraction. We evaluate the performance
on 2D Gaussian data, and the examples are shown in Fig. 1
(a). As shown in Fig. 1(b) and Fig. 1(c), KFD performs
worse for Gaussian kernel and Polynomial kernel.

Kernel self-optimized Fisher discriminant

As the previous discussion, KFD finds an optimal linear
projection from the kernel feature space to the projection
subspace. Supposed that the nonlinear mapping Ф is
inappropriately chosen, KFD can not find the optimal
linear projection. In our algorithm, we optimize the
nonlinear map Ф to maximize the class separability in
feature space by optimizing the kernel, and then find the
optimal transformation to maximize the class separability in
projection subspace. Based on the above idea, we propose
two stages of KFD algorithm, the first one is to optimize
the kernel and the second is to find the optimal projection
with the traditional method same as KFD. The geometry
structure of sample data in the nonlinear projection space is
different with the different kernel function. Accordingly,

Fig. 1 Example with 2D data.
(a) 2D Gaussian Data, (b) Pro-
jection data with Gaussian ker-
nel, (c) Projection data with
Polynomial kernel
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data in the nonlinear projection space has the different class
discriminative ability. So the kernel function should be
dependent to the input data, which is the main idea of data-
dependent kernel which was proposed in [17]. The
parameter of the data-dependent kernel is changed accord-
ing to the input data so that the optimal geometry structure
of data in the feature space is achieved for the classification.
In this paper, we extend the definition of the data-dependent
kernel k x; yð Þ ¼ f ðxÞf ðyÞk0 x; yð Þ as the objective function
for creating the constrained optimization equation to solve
the solution, where k0(x,y) is the basic kernel function, such
as polynomial kernel and Gaussian kernel. The function f(x)
is defined as f ðxÞ ¼ P

i2SV aie�d x�exik k2 , where exi is the
support vector, SV is the set of support vector, ai denotes
the positive value which represent the distribution of exi, δ
is the free parameter. We extend the definition of data-
dependent kernel through defining the function f(x) with

the different ways as f ðxÞ ¼ b0 þ
PNXV

n¼1
bne x;exnð Þ, where δ is

the free parameters, exi is the expansion vectors (xvs) and
NXV is the number of expansion vectors, bn (n=0,1,2,…,NXV)
is the according expansion coefficients. In our previous work
[18], we present four methods of defining e x;exnð Þ.

Fisher criterion is to measure the class discriminative
ability of the samples in the empirical feature space. The
discriminative ability of samples in the empirical feature
space is defined as

JFisher ¼
tr SΦB
� �

tr SΦW
� � ð5Þ

where JFisher measure the linear discriminative ability, SΦB is
the between class scatter matrix, SΦW is inter class scatter
matrix, and tr denotes the trace. Let K is the kernel matrix
with its element kij i; j ¼ 1; 2; :::; nð Þ is calculated with xi
and xj. The matrix Kpq; p; q ¼ 1; 2; :::; L is the np � nq
matrix with p and q class. Then in the empirical feature
space, we can obtain trðSΦB Þ ¼ 1Tn B1n and trðSΦW Þ ¼ 1TnW1n,

where B ¼ diagð 1
n1
K11;

1
n2
K22; :::;

1
nL
KLLÞ � 1

n K. The class

discriminative ability is defined as

JFisher ¼ 1Tn B1n
1TnW1n

ð6Þ

According to the definition of the data-dependent kernel,
let D ¼ diag f x1ð Þ; f x2ð Þ; :::; f xnð Þð Þ, the relation between
the data-dependent kernel matrix K and the basic kernel
matrix K0 calculated with basic kernel function k0 x; yð Þ is
defined as K ¼ DK0D. Accordingly, B ¼ DB0D and
W ¼ DW0D. Then

JFisher ¼ 1TnDB0D1n
1TnDW0D1n

ð7Þ

where 1n is n dimensional unit vector, according to the
definition of data-dependent kernel, then

D1n ¼ Ea ð8Þ
where a ¼ ½a0; a1; a2; :::; aNXVs �T , the matrix E is consisted
of e x;exnð Þ. Then

JFisher ¼ aTETB0Ea
aTETW0Ea

ð9Þ

where ETB0E and ETW0E are constant matrix, JFisher is a
function with its variable α. Under the different expansion
coefficient vector α, the geometry structure of data in the
empirical space causes the discriminative ability of samples.
Our goal is to find the optimal α to maximize JFisher.
Supposed that α is an unit vector, i.e., aTa ¼ 1., the
constrained equation is created to solve the optimal α as
follows.

max JFisher að Þ

subject to aTa � 1 ¼ 0 ð10Þ
There are many methods of solving the above optimization

equation. The following method is a classic method. Let
J1 að Þ ¼ aTETB0Ea and J2 að Þ ¼ aTETW0Ea, then

@J1 að Þ
a ¼ 2ETB0Ea

@J2 að Þ
a ¼ 2ETW0Ea

(
ð11Þ

Then

@JFisher að Þ
@a

¼ 2

J 22
J2E

TB0E � J1E
TW0E

� �
a ð12Þ

In order to maximize JFisher, let
@JFisher að Þ

@a ¼ 0, then

J1E
TW0Ea ¼ J2E

TB0Ea ð13Þ
If ETW0Eð Þ�1

exists, then

JFishera ¼ ETW0E
� ��1

ETB0E
� �

a ð14Þ
JFisher is equal to the eigenvalue of ETW0Eð Þ�1

ETB0Eð Þ,
and the corresponding eigenvector is equal to expansion
coefficients vector α. In many applications, the matrix
ETW0Eð Þ�1

ETB0Eð Þ is not symmetrical or ETWE is
singular. So the iteration method is to solve α as follows.

a nþ1ð Þ ¼ aðnÞ þ "
1

J2
ETB0E � JFisher

J2
ETW0E

� �
aðnÞ ð15Þ

ε is the learning rate as follows. The definition of learning
rate is

"ðnÞ ¼ "0 1� n

N

� �
ð16Þ
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where ε0 is the initialized learning rate, n and N is the
current iteration number and the total iteration number in
advance respectively.

The initialized learning rate ε0 and the total iteration
number N is set in advance for the solution of the expansion
coefficient. The initial learning rate ε0 influences the
convergence speed of the algorithm, and the total iteration
number N determines the time of solution. Only when the
parameter ε0 and N are chosen appropriately we choose the
optimal expansion coefficient vector. So the solution of
expansion coefficient is not unique, which is determined by
the selection of learning parameter. The iteration algorithm
costs much time. So we select the maximum margin
criterion as the objective function to solve the optimal
expansion coefficients. As shown in Fig. 2, KSFD performs
better than KFD.

Breast tissue classification with Kernel self-optimized
Fisher discriminant

In this section, we present a unified framework of breast tissue
classification with kernel self-optimized Fisher discriminant
for computer-aided diagnosis. The proposed framework of
breast tissue classification contains four stages as shown in
Fig. 3. The first stage is artifact removal, in this stage we
implement the radio opaque artifacts removal algorithm
using histogram threshold based Connected Component

Labeling (CCL) segmentation to obtain the preprocessed
image I without artifacts. The second is pectoral muscle
removal, in which stage we remove the pectoral muscle from
the breast using the morphological filter and CCL algorithm.
The third is feature extraction, in this stage we compute the
statistical features of breast tissue without background,
artifacts and pectoral muscle including the mean pixel of
image, the standard deviation, the smoothness, the asymme-
try of pixels around the image mean, and average histogram,
the uniformity, the Kurtosis. The fourth is classification, and
in this stage we use the enhanced Kernel Fisher Discrimi-
nant, Kernel Self-optimized Fisher Discriminant (KSFD) to
classify the statistical features of the input image.

Step 1. Artifacts removal
The intensity histogram of the original image

reflects the pixel statistical distribution of back-
ground, breast, artifacts and pectoral muscle. So
we apply histogram based segmentation and
Connected Component Labeling (CCL) to extract
the artifacts from the breast tissue. The threshold
value used in multi-level histogram based seg-
mentation is chosen in advance. The detail
procedure of artifact removal is shown as follows.

Input: Original mammogram.
Output: Preprocessed mammogram without artifacts.

Step 1.1 Create the intensities histogram based on the
original image.

Fig. 2 Example with 2D data
with KSFD. (a) 2D Gaussian
Data, (b) Projection data with
Gaussian kernel under KFD, (c)
Projection data with KSFD
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Step 1.2 Binarize image based the threshold value for
image segment

Step 1.3 Implement Connected Component Labeling
(CCL).

Step 1.4 Recovery the image without artifacts.
Step 2. Pectoral muscle removal

This step aims to extract the pectoral muscle
from the breast with histogram based threshold,
morphological dilation, and CCL algorithm. The
detail algorithm procedure is shown as follows.

Input: Preprocessed mammogram without artifacts.
Output: Preprocessed mammogram without artifacts
and pectoral muscle.

Step 2.1 Removing the noise with median filtering.
Step 2.2 Binarized image with histogram-based

segmentation
Step 2.3 Binarized image with morphological dilation
Step 2.4 Implement 8 pixels based CCL algorithm on

the binarized image.
Step 2.5 Remove the pectoral muscle part from the

image without artifacts
Step 3. Statistical features extraction

On preprocessed Mammograms, we implement
the statistical feature extraction algorithm for
classification. 7-dimensional feature vector is
calculated for each mammogram. These seven
features include mean pixel of image, the standard
deviation, the smoothness, the asymmetry of
pixels around the image mean, and average
histogram, the uniformity, the Kurtosis. The
statistical feature vector is constructed with the
above 7 elements for classification.

Input: Preprocessed mammogram without artifacts
and pectoral muscle.
Output: Statistical features extraction vector

Step 3.1 Calculate the statistical feature elements.
Step 3.2 Construct the statistical feature vector using

the feature elements.
Step 4. Classification

We conduct the classification task with Kernel
Self-optimized Fisher Discriminant (KSFD) pro-
posed in our previous work [4] is used for
classification. KFD finds the optimal projection
from the feature space to the projection subspace.
KSFD implement classification with two stages,
the first is to find the optimal nonlinear mapping
from input space to the feature space through

optimizing the data-dependent kernel function,
and the second is to seek the optimal linear
projection from the feature space to the low
dimensional projection subspace.

Input: A N-dimensional statistical feature vector x of
the training preprocessed digital mammogram.
Output: A low-dimensional representation y of x with
enhanced discriminating power.

Step 4.1. Calculate the basic kernel matrix with
chosen kernel function in advance.

Step 4.2. Seek the optimal parameters of the data-
dependent kernel with the basic kernel matrix
with the kernel optimization criterion.

Step 4.3. Implement KFD algorithm with the opti-
mized data-dependent kernel adaptive to
the training feature vectors of preprocessed
digital mammogram.

Step 4.4. Classify the new test sample with KSFD.

Experimental results

In this section, we testify and evaluate the performance and
feasibility of the proposed algorithm with simulation
conditions. We implements the algorithms on Matlab
platform and use the public databases to test algorithms.
The set of experiments are implemented in a digital
mammography database, mini-MIAS database [5], which
is developed by the Mammography Image Analysis
Society. In the database, the X-ray films are have been
digitized with a Joyce-Lobel scanning microdensitometer to
a resolution of 50 μm×50 μm, 8-bit word, and the original
image has the size of 1,024×1,024 pixels. In the experi-
ments, firstly, we evaluate the feasibility of artifacts and
pectoral muscle removal algorithm, statistical features
extraction. Secondly, we evaluate the performance of
framework compared with other algorithms. We choose
the three types, Fatty, Glandular and Dense, from the norm
samples to test the performance of the proposed framework.
12 mammograms have fatty tissue, and 14 mammograms
have the glandular tissue and the rest 16 have the dense
tissue. We evaluate the recognition accuracy with cross-
validation method.

In this set of experiments, we evaluate the performance
of algorithms with the following four steps.

Step 1). Implement artifact removal algorithm. The radio
opaque artifacts removal algorithm using histo-

Artifacts 
removal 

Pectoral 
muscle removal

Feature 
extraction

Classification

Input 
mammogram

Classification 
result

Feature
Processed 

image I
Processed 
image II

Fig. 3 Framework of breast
tissue classification
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(a)Oringal image       (b) Binarized image

(c) Binarized image (d) Image without artifacts

(e) Median filtering (f) Binarized image

(g) 8 pixels based CCL algorithm (h) Preprocessed mammogram

Fig. 4 Experimental results of
mammograms preprocessing
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gram threshold based Connected Component
Labeling (CCL) segmentation is implemented to
preprocess image.

Step 2). Implement pectoral muscle removal algorithm.
the morphological filter and CCL algorithm is
implemented to remove the pectoral muscle from
the breast.

Step 3). Implement feature extraction algorithm. We com-
pute the statistical features of breast tissue without
background, artifacts and pectoral muscle including
the mean pixel of image, the standard deviation, the
smoothness, the asymmetry of pixels around the
imagemean, and average histogram, the uniformity,
the Kurtosis.

Step 4). Implement classification algorithm. Kernel Self-
optimized Fisher Discriminant (KSFD) is used to
classify the statistical features of the input image.

The results of Step 1) and 2) are shown with figures,
while step 3) and 4) is evaluated with parametric level in
tables. The detailed descriptions are shown as follows.

Firstly, we implement performance evaluation on digital
mammogram preprocessing including artifacts and muscle
removal algorithm. The results on one example (mdb004.
pgm) are shown in Fig. 4. Figure 4(a) is the original image
with ID mdb004, and Fig. 4(b) shows the segmented image
with the threshold value determined by the histogram, and
Fig. 4(c) shows the binarized image without artifacts after
CCL algorithm, and Fig. 4(d) shows the image without
artifacts. Secondly, we implement pectoral muscle removal
algorithm on the image without artifacts, and the result is
shown in Fig. 4. Figure 4(e) is the result after median
filtering, and Fig. 4(f) shows the binarized image with
histogram and morphological dilation based segmentation,

and Fig. 4(g) is the muscle region in the whole mammo-
gram with 8 pixels based CCL algorithm, and Fig. 4(h) is
the final preprocessed mammogram used for the next
statistical feature extraction. We also implement the same
preprocessing algorithm on other examples from the
database, the similar results are achieved. The proposed
algorithm performs well on the mammogram preprocessing
including removing of noise, background, artifacts, pectoral
muscle.

Secondly, we compare the proposed framework with
other popular classification algorithms on breast tissue
classification. On the one hand, we implement KSFD
classification together with other popular classification
methods including k Nearest Neighbor (kNN) classifier,
Bayesian classifier, Fisher classifier and kernel Fisher
discriminant classification methods. On the other hand,
we also implement other algorithms proposed in the
previous works including histogram feature based neural
network[1], multi-resolution histogram features based SVM
[2], Morphological and textural features based kNN
classification [3]. The comparison results are shown Table 1.
The proposed framework outperforms other methods under
the same training samples and test samples set. So, it is
feasible to improve the classification performance using the
proposed preprocessed digital mammogram and KSFD
classification methods. In the experimental results, we
achieve 94.46% recognition accuracy higher than other
popular algorithms. Moreover, the proposed statistical
feature extraction on preprocessed mammogram without
artifacts and pectoral muscle performs better than morpho-
logical and textural feature extraction on the entire mammo-
gram under the same classifier.

From the experimental results, breast tissue classification
algorithm with kernel self-optimized Fisher discriminant

Algorithms Features Classification accuracy

Proposed framework Statistical features 94.46%

KFD Statistical features 93.33%

kNN Statistical features 92.17%

Neural classifier [1] Histogram features 75.31%

SVM [2] Multi-resolution histogram features 79.76%

kNN [3] Morphological and textural features 91.58%

Table 1 Performance compari-
son on mini-MIAS database

DoctorKSFD

Classifier

Patient

Preprocessed

mammograms

Imaging

Sensor

Preprocessed

mammogram

Result Human 

Interface

Features Preprocessing

Modular
Feature Extractor

Mammograms

Database

Features 

Features 

Preprocessed

mammograms
Fig. 5 The framework of a real
system example
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analysis is feasible and effective to for mammographic
image based beast cancer diagnosis. In the applications, the
algorithm is realized to the software of computer-aided
diagnosis. The framework of the real application system is
shown in Fig. 5. Firstly, the system collects the mammo-
grams of the patient with the imaging sensor, and then the
mammograms are preprocessed with the image preprocess-
ing modular. Then the features of the preprocessed
mammograms are extracted with the feature extractor which
is realized with the software in the system. On the other
hand, there are many mammograms are saved in the
mammograms database. When we implement the system,
the enquired patient’s mammogram is classified into the
classification with matching with the samples in the
database. The KSFD classifier is applied into classification.
The classification results are display with human interface
to doctor as the diagnosis reference. In this system, all
algorithms are implemented with the software, and imaging
modular is realized with hardware.

Conclusion

In this paper, we propose a novel framework of breast tissue
density classification in digital mammogram. The framework
includes the novel mammogram preprocessing method using
artifacts and pectoral muscle removal based on multi-level
segmentation based CCL analysis, the statistical feature
extraction method, and the novel classification method Kernel
Self-optimized Fisher Discriminant (KSFD). The contribu-
tions are summarized as follows. Firstly, muscle removal
algorithm is applied preprocess the original image together
with artifacts, which deals with the problem that the pectoral
muscle influences the classification performance owing to its
texture similar to parenchyma. Secondly, we applied the
enhanced Kernel Discriminant Analysis with self-optimized
data-dependent kernel into feature classification, which deals
with the problem that the breast tissue classification algo-
rithms fail to deal with the nonlinear problem from the digital
mammogram.Experimental results on the real database show
that the proposed algorithm is feasible and effective for breast
tissue classification.
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