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ABSTRACT

Thebreast cancer detection and diagnosisisacritical and complex procedur ethat
demandshigh degreeof accuracy. |n computer aided diagnostic systems, the breast
cancer detection isatwo stage procedure. First, to classify themalignant and benign
mammograms, whilein second stage, thetypeof abnor mality isdetected. I n thispaper,
wehavedeveloped anove ar chitectur eto enhancetheclassification of malignant and
benign mammogramsusing multi-classification of malignant mammaogramsinto six
abnormality classes. DWT (DiscreteWavel et Transfor mation) featuresareextracted
from preprocessed imagesand passed through different classfiers. Toimproveaccur acy,
resultsgenerated by variousclassifiersareensembled. Thegeneticalgorithm isused
tofind optimal weightsrather than assigningweightstotheresultsof classifierson
thebasisof heuristics. Themammogramsdeclar ed asmalignant by ensembleclassifiers
are divided into six classes. The ensemble classifiers are further used for multi-
classification using one-against-all technique for classification. The output of all
ensembleclassifier siscombined by product, median and mean rule. It hasbeen obser ved
that theaccuracy of classification of abnormalitiesismor ethan 97% in case of mean
rule. TheMammaographiclmageAnalysisSociety dataset isused for experimentation.

KeyWords: Breast Cancer, Mammogram, Support Vector M achine, Discrete
Wavelet Transforms, Ensemble Classifier.

1 INTRODUCTION

lobally among cancers, the breast cancer isthe

most common in women. According to

American National Cancer Institute the new
breast cancer casesin USA for the year 2008 is around
179600 while the deathswere more than 40,700 [1]. The
statistics claims that breast cancer held the second
position of appearancein diagnosed new casesfollowed
by prostate cancer comparing to other forms of cancer.
Over the past decadesit has become alarming that breast
cancer incidencerates are increasing steadily. However,

the mortality rates for breast cancer have remained
relatively constant due to more effective treatment and
earlier diagnosis, Broeders, M.J., et. a. [2]. The breast
cancer mortality rate wasfluctuating in different eras. It
was increasing 0.4% annually from 1975 and 1990 but
reduced by 2.3% from 1990-2002. Thisdeclineisdueto
improvements in breast cancer treatment and
mammographic screening. It has been observed that
during routine screening around 10-30% of breast cancers
are missed by radiologists, Wallis, M., et. al. [3] which
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causes high penalty in the form of biopsy. Image
interpretation of mammograms can be improved using
computational advancements. Many computer-aided
systems are proposed to improve the accuracy of
interpretation. Many researchers had worked on the
abnormalities of breast cancer. A few of them address
calcification, some talked about masses (like
circumscribed lesion, stellatelesion etc) in breast, Cheng,
H., et. al. [4] depict only asymmetry because of breast
cancer but nobody has taken all these abnormalities of
cancer as a complete problem. This paper proposes a
novel approach in which efficient classification methods
for detection of breast cancer abnormalitiesisused. The
main complexity about digital mammogram diagnosisis
the detection of malignant images and its classification
on the basis of abnormalities present. This paper
investigates the accuracy of a detection methodology
that usesDWT featuresasan input to different classifiers,
i.e. ANN (Artificial Neural Networks), SVM (Support
Vector Machine), KNN (K Nearest Neighbor), Bayesian
and ensemble the results generated by these classifiers.
Next, the malignant images are passed through a bank of
these ensemble classifiers which are again trained for
classification of different abnormalities. The one-against-
all approach is used for multi-classification. Each
ensemble classifier is trained for one abnormality. It
assigns probability to the abnormality for which it is
trained. Median, mean and product rules are used to
combine theresult of binary classifiers. A very efficient
technique for pre-processing the mammogramsis used,
Jaffar, M.A., et. al. [5] which involves the automatic
cropping of the mammograms, extracting breast region
and remove other spotswhich are not part of breast. The
proposed technique is fully automatic and very robust.
Theresultant accuracy isenhanced using ensembling of
classifiers. The strong automatic abnormality detection
method is proposed. The one-against-all approach is
efficiently used for multi-classification. DWT features
areused for classification. Different rulesfor combining
the results of ensemble classifiers experimented to
enhancethe probability of selection of exact class. There

exist different techniqueslike majority voting, weighted
majority voting, min, max, product and median rule. We
have compared the min, product and median rule. The
median rule provides better results. Thisisasupervised
method for diagnosing breast cancer. The most important
and novel work doneinthis paper isuse of DWT features
and ensembling of classifiers to achieve good accuracy
for the classification of mammograms as malignant and
benign. The remainder of paper isorganized asfollows:
Section 2 discussesthe related work. Section 3 describes
the proposed architecture. Section 4 presents the
experimental results followed by the conclusions and
futurework in Section 5.

2. RELATED WORK

Many methods have been used to detect anomaly in
medical images such asfractal theory, statistical methods
and wavelets using features extraction mechanism from
image processing field. A CAD System inwhich features
are extracted using image processing techniques is
developed in[6] for detection of abnormalities. Generally,
atwo step mechanism is used for mass detection. In the
first step, for each pixel oneor morefeaturesare computed.
Next, theregionsare categorized as suspicious and normal
based on features like shape, size or contrast. A radiating
pattern of spicules and/or a central mass depicts the
presence of alesion. The central mass corresponds to a
circular bright region between 5mm to 5cm diameter.
Accordingly, the convolution of the image with a zero-
mean filter isused to detect the mass, e.g. using Difference
of Gaussian or Laplacian of the Gaussian filter. Several
works propose CAD tools for breast cancer diagnosis
and detection. Eltonsy, et. a. [7] proposed a technique
where the concentric layers around afoca area and low
relative incidence in the breast region are used for
malignancy detection. Resultswerereported with 81-92%
sengitivity. In[8] aprocedureisdevel oped using concentric
layers of image activity to detect both distortion and
masses. Guo, Q., et. a. [9], SVM and Hausdorff fractal
dimension classifier are used to detect architectural
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distortion whereas, Matsubara, T., et. a. [10] mathematical
morphology is used. Kom, G, et. a. [11] introduced an
algorithm for detection of suspicious masses in
mammographicimagesthat showsasensitivity of 95.91%
for mass detection with ROC areaof 0.946. Eltonsy, N., et.
al.[7] presented an automatic computational tool for mass
detection. Miller, P, et. al. [12] bilateral asymmetry is
addressed by measuring brightness and shape in the
fibroglandular disk. Campanini, R., et. a. [13] presented an
approach for detection of massesin digital mammograms
that reach sensitivity around 80.

3. THE PROPOSEDARCHITECTURE

The proposed architecture presents a CAD system for
breast cancer detection, its stage and type of
abnormality in mammograms. The digital mammogram
images are taken as input and passed through the
system. The system identifies malignant mammograms
and also mentions the type of abnormality in it. The
whole system is divided into six major blocks namely
pre-processing, feature extraction, ensembling of
classifiers, malignancy detection, abnormality type
detection and combination of performance of classifiers
(one-against-all approach). The complete system is
depictedinFig. 1. Infirst block, image of amammogram
isinput to the system for pre-processing. Four simple
steps lead to feature extraction from an image. These
four steps are noise removal, background removal,
image enhancement and pectoral muscle removal. The
feature extraction isdone using DWT. Thetechniqueis
made time efficient by dimension reduction using PCA.
Using DWT features, the classification accuracy of
ensemble classifier wins from all other presented
techniques. The abnormality type of malignant
mammogram is also detected. For multi-classification
of images the ensemble classifier is used using one-
against-all approach. This block shows the novelty of
the architecture because it has been observed in
literature that nobody presented a single algorithm
which canidentify all types of abnormalities. However,

the techniques for detection of any single abnormality
at atime are presented. Thelast block discusses how to
combine the results of all these parallel binary
classifiers.

3.1  ThePreprocessing Block

The pre-processing plays an important rolein any CAD
system. It minimizes the computational cost and also
findsthe ROI (Region Of Interest). In breast imaging pre-
processing is very necessary, since the parts which are
not part of breast can misguide the classification phase.
The procedure of noise removal using fuzzy filter,
Hussain, A, et. al. [14], background removal and pectoral
muscle detection is discussed Jaffar, M.A., et. a. [5].
Only the histogram equalization method for image
enhancement discussed Jaffar, M.A., et. al. [5] isreplaced
with retinex method, Rahman, Z., et. al. [15] because
sometimes when histogram of imageistilted toward one
side, histogram equalization method does not perform
well. The retinex is an image enhancement technique
which tries to model the scene at a constant light. This
enhancement isvery important for the visibility of image
properties. The image is formed of two components
illumination and reflectance, i.e.

SX;y) =R y):L(Xy)

where R(X,y) and L(x,y) are reflectance and illumination
parts respectively.

If we subtract the illumination part from the image, then
we can seeit at aconstant light. By using retinex the dark
portion of the image is enhanced and bright portion is
suppressed, so that detailsaremorevisible. By taking log,
reflectance and illumination parts are separated out so
that we can easily subtract illumination part from original
image. By taking exponent of this difference, we will get
thereflectanceimage.

R=exp(log(s) - log(l))
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Retinex is full scale automatic contrast enhancement
technique that enhancesthe blur and degraded image non-
linearly and provide good resultsfor mammogram images.
The visual results of complete preprocessing phase are
givenintheFig. 2.

3.2 TheFeatureExtraction Block

The feature extraction plays a critical role in the
performance of any classifier. Different techniques can be
used such asgabor features, Eltonsy, N., et. al. [7], DWT,
PCA (Principal Component Analysis) and spectral mixture
analysis for feature extraction. We have used DWT
features for our proposed architecture due to its easy

implementation. The dimensionality reduction isprocess
of elimination of closely related datawith other dataitems
in aset, asaresult asmaller set of features is generated
which preserves all the properties of the original large
data set. Commonly used dimensionality reduction
techniques are PCA, DCT (Discrete Cosine
Transformation), DWT and Random Projection. In our
systemwe have applied DWT and PCA for dimensionality
reduction. The CWT (ContinuousWavel et Transform) for
square-integral and continuous function f(x) comparative
tothereal valued wavelet W(x) isdefined as:
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1

X—q
pY ——
p

‘Pp,q (x) =

where p and q are scale and translation parameters.

The image information is divided into detailed and
approximation components in DWT. The linear
transformation of these components can be obtained by
applying ahigh and low passfilters i.e.

a +1[p] = n:i:ol[n—Zp]aj [p]
dj+1p)= ¥ t[n-2pJa;[n]
Detection/

33 The Malignancy
Classification Block

The classification can be done by unsupervised and
supervised way. The unsupervised classification extracts
regionswithin multi-spectral data. Whereas, in supervised
classification the unknown samplesare classified by using
known samples. We have used four well known classifiers
to classify the malignant and benign mammograms, i.e.
ANN, Sivandam, S, et. al. [16], KNN, and Bayesian

Classifier, Mitchell, T., et. d. [17], SVM, Gunn, SR., et. d.
[18]. Using more than one classifier provides basis for
improved accuracy and better understanding of
mammograms compared to using only asingle classifier.

34 TheEnsembleClassification Block

Ensembleis process of combining the results of multiple
baselearnersto improvethe accuracy. Therearetwo major
types of ensemble, bagging and boosting. Bagging is a
voting method in which base |earners have been trained
over dlightly different training sets. The training samples
are being generated by bootstrap. Boosting is another
kind of ensemblewhichisdifferent from bagging inaway
that it uses multiple classifiers in a sequence, i.e. this
technique start with one classifier and pass the data to
second classifier which is incorrectly classified by the
first classifier and then to third which is incorrectly
classified by the second one and so on. Ensembleisapplied
on the results from malignancy detection block for
improved accuracy. For further improvement in resultsand
avoid guessing and hit and trial we have used GA (Genetic
Algorithm) to assign weights to the classifiers as shown
inFig. 3.

(@) Original

(b) Noisy

(d) Background Removal (e) Enhancement via Retinex
FIG. 2. THE PRE-PROCESSING BLOCK

(c) Restored

(f) Pectoral Muscle
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3.5  TheAbnormality Detection Block

The major challenge isto diagnose the severity of breast
cancer. The class of abnormality present in data set tells
us about its severity. However, in MIAS (Mammaographic
Image Analysis Society) dataset abnormality of breast
cancer is divided into seven classes aslisted in Table 1.

The micro-calcification clusters may appear in both in-
situ and persistent breast cancer. Many of the breast
cancersthat are at an early stage are currently detected by
the presence of micro-cacifications. Only when appearing
asclustersof three or more calcifications, they areclinically
suspicious. Micro-calcifications that are visible in

mammogramsvary in diameter roughly from 0.1-0.5mm.
Fig. 4(a) showsan example of micro-cacification clusters.
These clusters can be benign as well as malignant. The
differentiation between malignant and benign clusters
based on mammographic appearance is not trivial. The
classification of micro-calcificationsisimportant, because
recaling all micro-calcification clusterswill result in many
false positives since 80% of al clusters are dueto benign
processes. The calcificationsaretiny granulelike deposits
of calcium and arerelatively bright (dense) in comparison
withthe surrounding normal tissue, Syrum J.S.,, et. d. [19].
An analysis of the calcifications as to their distribution,
size, shape or morphology, variability, number and the
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FIG. 3. PROPOSED WORKING MODEL OF GA
TABLE 1. ABNORMALITIES IN MAMMOGRAMS
Class Name of Abnormality Abbreviation
1. Calcification CALC
2. Well-Defined/Circumscribed Masses CIRC
3. Speculated Masses SPIC
4, Architectural Distortion ARCH
5. Asymmetry ASYM
6. Normal NORM
7. Other IlI-Defined Masses MISC
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presence of associated findings, such as ductal dilatation
or amass, will assist one in deciding which are benign,
which should be followed carefully and which should be
biopsied, Paredes, E.S., et. a. [20].

Apart from micro-calcification clusters, one can classify
the visual signs for which radiologists search during
mammographic screening into three basic categories:
masses, architectural distortions and asymmetric
densities. These abnormalities may indicate invasive
breast cancer. Masses that are sharply defined
(circumscribed masses) are usually benign. However, if a
mass has a faint jagged edge it can be malignant. If a
mass is surrounded by a radiating pattern of spicules, it
iscalled aspiculated mass or stellate lesion. The stellate
lesions are highly suspiciousindicators of breast cancer.
A mass is defined as space occupying lesion in more
than one projection [21]. The fat containing radiolucent
and mixed-density circumscribed lesions are benign,
whereas isodense to high-density masses may be of
benign or malignant origin [20]. A masswith circumscribed
margin is shown in Fig. 4(b). The lesions with micro-
lobular margins have wavy contours. Obscured (erased)
margins of the mass are erased because of the
superimposition with surrounding tissue. This term is
used when the physician is convinced that the mass is
sharply-defined but has hidden margins. Thelesionswith
spiculated margins are characterized by lines radiating
from the margins of amass shown in Fig. 4(e). A lesion
that isill-defined or spiculated and in which thereis no
clear history of trauma to suggest hematoma or fat
necrosis suggests a malignant process [20] The shape
of a mass can characterize it as benign or malignant.
Masseswithirregular shape usually indicate malignancy
asitisdepictedin Fig. 4. Regularly shaped masses such
as round and oval very often indicate a benign change.
An interruption of the radial ductal pattern is called
“Architectural Distortion”. Theselesionsare often quite
subtle and can occur with both benign and malignant

processes. Thearchitectural distortionsare most common
mammographic sign of cancer and leads towards
malignancy [20]. A mammogram with architectural
distortionisshownin Fig. 4(d). Some masses are detected
by radiologists because of asymmetry in the breast
pattern sincein anormal breast the fibro-glandular breast
pattern is often symmetric with respect to both breasts.
However, when a lesion has spicules or a faint jagged
edgeitislikely to be malignant. On the other hand, sharp
and well defined edges arelikely to be benign. Often, the
masses and micro-calcifications occur together in one
mammogram making detection and classification easier.
For detecting primary breast cancer asymmetry of breast
parenchymaisauseful sign[4], asshowninFig. 4(f). In
most of the cases, global asymmetry isanormal change,
but the finding can be significant if it corresponds with
pal pable breast lesion.

3.6 TheMulti Classification Block - One-
Againgt-All Approach

We have used ensemble classifier for multi-classification.
Theconversion of binary classifier to multi-class scenario
isstill an ongoing research topic, Hsu, CW., et. d., [23].
Recently, Chen, B., et. a. [24], Chen, G, et. al. [25]
experimented SVM for multi-label classification. Theone-
against-all is widely used implementations which
constructs M classifiers, separating class i from the
remaining classes. The binary tree of one-against-all
classifiersisexplainedintheFig. 5. Therearetwo common
methodsto enableabinary classifier for multi classification,
i.e. one-against-one and one-against-all. The one-against-
all approach represents the most common multiclass
approach and involves the division of N class dataset
into N two-class cases. On the other hand, in one-against-
one amachineis created for each pair of classes ensuing
in N(N-1)/2 machines. The performance of one-against-
oneiscomparatively better than one-against-all however,
the one-against-one approach is computationally
intensive.
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4, EXPERIMENTAL RESULTS & RC (Shaukat Khanum Memorial Cancer Hospital and

Research Center), Lahore, Pakistan. The dataset contains
The database used into this work is freely available at records of 80 patients in which 37 patients are benign
internet and isnamed asthe MIAS[26]. The specification and 43 aremalignant. Thedataisnot publically available
of thedataisgiveninthereferred site. Another real time and is taken on special request by promising of not to
dataset used for experimentation istaken from SKMCH discloseit.

(a) Calcification (b) Circumscribed masses

(d) Architectural Distortion (e) Speculated Mass [22] (f) Asymmetric Density in the
Left Breast [4]

FIG 4. BREAST ABNORMALITIES
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FIG 5. BINARY TREE FOR ONE-AGAINST-ALL APPROACH
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We observethat combining multiple classifierscan prove
to give promising results and significantly improves the
performance compared to single classifier. Accordingly,
wetakesix paralel ensembleclassifiers. Each oneistrained
for specific abnormality recognition. Each ensemble
classifiers is responsible for one abnormality present in
the image and will declare the image as that kind of
abnormality or any other abnormality.

First, weeliminateall the normal imagesfrom the dataset,
and then benign images are separated. Lastly, malignant
images are divided into training and testing datasets
randomly using hold out method. The data set is divided
in the ratio of 75-25 as training and testing. After that
training is performed on 75% data. The data is divided
into six blocks corresponding to six abnormality classes.
Each classfier istrained for aparticular classof abnormality
using one-against-all approach. Then, on remaining 25%
testing data we applied same classifier combination.

4.1 Performance M easures

We have tested the performance of the classifiers by
calculating and analysis of accuracy, sensitivity and
specificity for malignancy detection.

Accuracy: Theratio of number of classified mass
to the number of total masses.
Sensitivity: Theratio of number of correct classified

malignant mass to the number of total
malignant mass.

Specificity: Theratio of number of correct classified
benign mass to the number of total
benign mass.

4.2  Results

Table 2 discusses the results of malignancy detection in
mammogram images. Threeimportant measures accuracy,
specificity and sensitivity are taken to measure the
performance of the proposed method. It has been observed
that in case of ensembling of classifiers the accuracy is
quite good as compare to single classifier.

After applying DWT on each image we have calculated
the PCA of each image as a feature reduction technique
and to improve the computational complexity. After
calculating PCA, we have sorted the PCA coefficients
which give us the highest representative features at the
start. Then we have applied the classifiers by selecting
different features and we have found that accuracy of
classifiers remains approximately unchanged with the
feature vector of size seven or more. Therefore, we have
used seven top PCA features of each image for the
construction of feature vectors. To improve the accuracy
we have ensembl e the results produced by the classifiers
which results 96.39% for real mammogram dataand 96.95%
for MIAS data. After that we have further improved our
results by optimizing theweightsassigned to each classifier
during ensemble. For this purpose we have used Genetic
Algorithmsinitially starting with population size of 100
which resultsin 97.63% accuracy for real mammogram data
and 97.45% MIA S dataset (Table 3).

TABLE 2. PERFORMANCE MEASURE OF CLASSIFICATION OF MALIGNANT AND BENIGN MAMMOGRAM FOR DWT

FEATURE

Technique Accuracy (%) Sensitivity (%) Specificity (%)
NN+DWT Features 93.94 91.3 94.3
Baysian+DWT Features 95.11 94.1 90.2
KNN+DWT Features 95.87 92.7 92.7
SVM+DWT Features 96.13 91.3 91.1
Ensemble 96.95 93.2 93.6
Ensemble+GA 97.45 91.3 92.4
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Table 4 shows the abnormality detection results of
ensemble classifier using DWT features. These results
are compiled using mean, median and product rule. It has
been seen that the performance of proposed method
approximately remain consistent in case of mean and
median rule for the detection of abnormalities in the
mammogram. The abnormality detection rate is also
satisfactory.

Table 5 compares the abnormality detection results
presented in Table 5 with the recently reported results of
different authors. It hasbeen seen that proposed technique
shows comparabl e performance with existing techniques.
It should be noted that the datasets used by techniques
inTable5 aredifferent and resultsonly show the quditative

S. CONCLUSION

The proposed architecture efficiently diagnosesthe breast
cancer from mammogram images. The diagnosismultiple
phases are utilized. In first phase, preprocessing on
mammogram image is done which minimize the
computational cost and maximize the probability of
accuracy. In second phase DWT features are extracted
and are used for classification of mammogram into
malignant and benign. Later, the malignant images are
again classified using one-against-all technique to find
abnormalities present in the mammograms. In first
classification phase when benign and malignant images
are separated, different classifiers are experimented but
ensemble with GA isfound better for the MIAS dataset.
The one-against-all approach for multi classification gave

insights. promising results. All experimental results show promising
TABLE 3. RESULTSWITH DWT FEATURES
Dataset ANN KNN SYM Bayesian Ensemble Ensemble+GA
MIAS 93.94 95.87 95.11 96.13 96.95 97.45
Real Mammograms 94.3 96.31 95.52 95.31 96.39 97.63
TABLE 4. ENSEMBLE ACCURACY FOR MULTI-CLASSIFICATION USING ONE-AGAINST-ALL
Abnormality Type Abbreviation Mean (%) Median (%) Product (%)
Calcification CALC 97.5 95.2 96.2
Well-Defined/Circumscribed Masses CIRC 98.1 93.5 97.3
Speculated Masses SPIC 94.3 94.2 96.5
Other, Ill-Defined Masses MISC 95.2 96.2 95.1
Architectural Distortion ARCH 96.3 96.4 95.4
Asymmetry ASYM 97.5 97.3 94.5
TABLE 5. COMPARISON OF OUR ARCHITECTURE WITH OTHER APPROACHES
Other Technique Problem Addressed Results Reported Our Results
multiresolution and SVM-based featureless approach [13] Mass Detection 80% 95.20%
Linear Transformation Filter Algorithm [11] Mass Detection 95.91% 95.20%
Multiple-Concentric-Layers Algorithm [7] Mass Detection 92% 95.20%
Locating Points Surrounded by Concentric Layers [8] Architectural Distortion 93.10% 96.30%
Hausdorff Fractal Dimension and SVM [9] Architectural Distortion 72.50% 96.30%
Mathematical Morphology [10] Architectural Distortion 94% 96.30%
Semi Automated Texture Based Approach [12] Bilateral Asymmetry 86.70% 98.20%
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results compared to the state-of-art. We have achieved
average accuracy of 97.45% in detection of malignant and
benign mammogramsfrom MIAS dataset.
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