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Abstract

Automatic mass or lesion classification systemsdmeeloped to aid in distinguishing between maligrend benign
lesions present in the breast DCE-MR images, thtesys need to improve both the sensitivity andifipiég of DCE-

MR image interpretation in order to be successfuldinical use. A new classifier (a set of featutegether with a
classification method) based on artificial neuratworks trained using artificial fish swarm optimiion (AFSO)
algorithm is proposed in this paper. The basic ibehind the proposed classifier is to use AFSO rdlgo for

searching the best combination of synaptic weidbtshe neural network. An optimal set of featubesed on the
statistical textural features is presented. Theestigational outcomes of the proposed suspicios®reclassifier
algorithm therefore confirm that the resulting sléisr performs better than other such classifiergorted in the
literature. Therefore this classifier demonstraked the improvement in both the sensitivity andcsficity are possible

through automated image analysis.

Key words: Breast DCE-MR Images; lesion classification; sifisr; Artificial Neural Networks; Artificial fiskes

swarm algorithm.

1. Introduction

Accurate segmentation and classification of lesalaws the
physicians to identify suitable treatment. Cancesidn
classification methods have been explored overratdecades
[1]. The automatic classification between maligram benign
lesion is being explored in several different matiocnage
analyses including: MRI, CT and X-ray mammograpiiie
dynamic contrast enhanced (DCE)-MRI is an efficiemtging
tool for analysis of the breast abnormalities. Catapassisted
evaluation (CAE) systems are beneficial tool fatiotogists in
identifying and evaluating lesions in DCE-MR imag&sese
systems improve the reliability of clinical resulfBhe CAE
systems are designed by employing computer algositfor
automated lesion segmentation, trailed with propgelge
enhancement technique such as unsharp filter, wellio by
proper thresholding [2]; the tumor or region ofir@st (ROI) is
extracted efficiently from the edge enhanced imégea result
of segmentation, the region matching tumor or neguf
interest (ROI) is extracted from the correspondingast DCE-
MR images. After segmentation of the ROI, optimat sf
features are extracted from the ROI. The retricfeadures are
fed as input to the classifier to categorize whethe (ROI)
lesion is benign or malignant.

Remaining part of this paper is structured a®Wd: Related
works are discussed Bection 2. Section 3 describes in detail

81

the modules of the proposed suspicious lesion itilzeson
model. The result analyses are detailed section 4.
Conclusion of the proposed classifier is summed inp
section 5.

2. Related Works

Up to this moment, lesion detection from breast EMREI is
still very challenging. The main reason is causgdhat the
lesions usually mix with the inhomogeneous tissireghe
breast. The gray levels values of the inhomogenéssises in
the breast might differ by way of presence of breaft tissue.
Hence, the gray level intensity of the surroundisgues may
be higher than those of the lesions in some cagash leads
to the miss detection if histogram measuremensedias the
feature. However the density and gray levels valokshe
lesions are higher than the surrounding tissuesiestesion
images contain blurred lesion edge and the conbasteen
the lesion boundaries and the other surroundiisgéis are low.
Furthermore, in few lesion images, the lesion midte

enclosed by the surrounding tissues. This phenomeno

increases the difficulty in the detection of lesiorFor the
lesion classifications, the main cause of diffiglit arisen by
the diversification of features. In clinical diagii®, the signs of
abnormality observed by expert radiologists arey wverse.
They include the size, contrast, intensity and ieifis,3-15].
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There are many classifiers available for classgysuspicious
areas of breast DCE-MRI. Significant research @abstr DCE-
MRI lesion classification methods have already bewe to
automatically predict lesions such as artificialirad networks,
linear discriminant analysis, logistic regressiomd asupport
vector machines [1,3]. The artificial neural netksrbased
classifier have been one of the most popular abesa for
investigating the classification of malignant arehign breast
DCE-MR lesions [1,3-15]. The performance of anyssifier

depends on type of features used, training dafasgtded and
the type of classifier.

This paper presents a new classifier system agtstt using
artificial neural network optimized by AFSO algdmt to
classify breast DCE-MRI lesion into benign or mahgt using
seven statistical textural features obtained frbenlesion. The
extracted statistical texture features were usedldssify the
lesion with a three-layered back propagation nenetivork.
This work is the first experiment of artificial fisswarm
optimization algorithm training the neural networfor
classifying the ROI (lesion) of breast DCE-MRI.

3. Suspicious Lesion Classification Model

The computer assisted lesion classification apprdacbreast
DCE-MRI lesion detection typically comprised of two
modules: (1) a quantitative feature extraction diaktd by
feature selection and (2) a classifier that emplingsfeatures
extracted from the lesion to discriminate lesicassks.

3.1. Feature Extraction

Once the ROI (region of interest) or tumor boundasy
identified, characterization is necessary to deiteemthe
pathological nature of the lesion, i.e., whetheg thsion is
benign or malignant. For quantitative evaluatioanmnfeatures
have been retrieved from the lesions of DCE-MR iesag
extracted during segmentation. A detailed procedofe
segmentation phase has been reported in [16], stit@aesults
of the segmentation, ROI selection procedure foisamar
lesion extraction over the breast DCE-MR image Vé#ion.

The research work in quantitative morphologicad &metic
features analysis of mass or lesions is considgtabs, partly
due to the difficulty in identifying relevant quaative
parameters that could characterize benign and naaiig
lesions. Texture feature has been proven to beulusef
differentiating normal and abnormal pattern. Fosast DCE-
MRI suspicious lesion classification statisticatttee features
are widely used [3,4,8-13,17-20].

In this proposed work, a set of 18 features wexteaeted
from the ROI, 14 GLCM (gray level co-occurrence rxat
statistical texture measures as defined in [21] 4nGLHM
(gray level histogram moments) features defined[3jil].
These features are used because they have propesviement
in classifier performance [3,11]. The features aotied are:
entropy, skewness, difference moment, energy measur
difference variance, sum average, standard demiatio

82

Pol J Med Phys Eng 2017;23(4):81-88

difference average, difference entropy, kurtosisiretation,
inertia, variance, inverse difference moment, meaom
entropy, sum variance and information measure oetation.

3.2. Feature Selection

Feature selection techniques are used for choosiragnall
feature set from available set of features, whidhbeneficial

in reducing the size of the data to be processddraproving

accuracy of the classifier. Selecting appropriatiecs features
for classification plays a most significant partdasigning a
good classifier. Hypothesis tests appear to be wmgted for
dealing with selection of most discriminative faatisubset
from the available feature set [3,11,20,22-27].

From the available 18 features, feature subsétfehtures is
selected by hypothesis t-test; they are entropgndstrd
deviation, mean, skewness, kurtosis, variance amergg
[3,11]. The features selected are listed with theathematical
equation for calculating its corresponding valuendr the
extracted ROI.

Entropy
The Entropy, H is determined according2guation 1.

1 M N

H=—23 Zp (i, D= p @.j)

Eq. 1
MN & 4 q

Where p(i, j) is the pixel value at point (i, j) ah image.

Standard Deviation
The standard deviation,is defined inrEquation 2.

o= \/MNZZ(D(I i) - 1)?

Eq. 2

i=1 j=1

Mean Value
The meany is calculated usingquation 3.

ZZ p(, j)

Iljl

Eq. 3

Where p(i, j) is the pixel value at point (i, j) ah image.

Skewness
The Skewness, S is calculatedHxyuation 4.

S= MlN iz“l[p(l 0)- ﬂ}

i=1 j=1

Eq. 4

Where, p(i, j) is the pixel value at point (i, j),and s are the
mean and standard deviation respectively.

Kurtosis
The Kurtosis, K is given ikquation 5.

{ ii[p(' )= uH 5

Eqg. 5

i=1 j=1

Where, p(i, j) is the pixel value at point (i,}),andc are the
mean and standard deviation respectively.
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Variance
The Variance, V is calculated using the formulEquation 6.

1 M N

=2 D (P 1) - )

=1 j=1

Eq. 6

Where p(i, j) is the pixel value at point (i, j) ah imagey is
the mean.

Energy
The Energy, E is calculated usikguation 7.
1 M N S
== p=(i, ) Eq. 7
N 2

Where p(i, j) is the pixel value at point (i, j) af image

The seven statistical texture features extracted fresioh
region are fed as input to the classifier module thé
classification system for efficient discriminatidretween the
lesion types.

3.3. Proposed Lesion Classifier

The classifier used in designitgsion classification module
based on artificial neural network and the ar@idish swarn
algorithm is used to optimize the neural networke Tlassifie
chosen is a three layered backpropagation neurabnie

Artificial Neural Network Architecture

The architecture artificial neural network basedsslfier
comprises of a threlayer back propagation neural network
shown inFigurel. The thredayer back propagation neu
network comprise of an input layer, an output laged &
hidden layer The number of neurons in the input layer depe
to the number of input features, since the inpatifie se
consist of seven features, the input layer has ufams. The
output layer consist one neuron whose values vératweer
zero or one which sp#ies the level of malignancy, whe
zero means benign and one means malignant. The eruof
neurons in hidden layer is identified by tratec-error runs and
the neural network architectures with five hiddesurons art
selected.

¥ Error calculation

Input layer

Hidden layer

Output layer

Figure 1. Architecture of the proposed Artificial Neural Network
based L esion classifier.

83

Pol J Med Phys Eng 2017;23(4):81-88

The learning coefficient of 0.0001 is set for thdden layel
and 0.001 for the output layer. The linear and hlypkc
tangent transfer functions are used as activatiorctions of
hidden and output layers of neural network respegtivEhe
parameters are estimated through trial and erratuations.
Therefore, the ANN structure with the lowest erk@iue is
considered as an optimal struct

The error backpropagation algorithmthe common method
for training neural network when used as classifarring the
training phase, the feed forward computation is ed@nd
compared with the desired output; the error obthing
backward propagated to adjust the weights. Fonitrgi the
neural network the fish swarm optimization algoritlignusec
to optimize the weights of the neural network iaqa of the
backpropagation procedure.

Basically, neural network training is a processwiyich the
synaptic weights W of an ANN are adjustedan incessant
procedure of stimulation by the background in whitte
network is implanted. The type of training or ldam
procedure decides the method in by which the symapmight
change takes place. This proposed classifier med®ihasis
on supervied learning procedure, which utilizes a labeled
of training database made up of X in-output samples.

The back propagation neural network training predssto
reduce the error value. The error value is theedsffice
between the actual attainedtput value and the desired output
value of the neural network for the given set airting input
patterns. Training of the neural network is carriegt by
providing to the network a set of training pattexhknown
desired output are taken from the ting database. The error
value for each training pattern is the sum of tlgasec
differences between the desired and actual attaongoluts of
the network corresponding to the provided inputinire
pattern. The above process is continued for allpidtterns in
the training database and the error values fothalltraining
patterns are added to achieve the error value fdraek
propagation neural network.

Artificial Fish Swarm Optimization Algorithm

Artificial Fish Swarm Optimization (AFSO) is an apization
algorithm, it was originally designed and implenezhtn 200z
[28]. The AFSO algorithm designed based on imitatthe
behaviors of fish swarm. It also relies on a pofoiabasec
search methodogy, which consists of a number of fish
Each individual fish explores the problems solutgpace tc
find an optimum solution and is referred to as diii@al fish
(AF). AFSO algorithm solves a problem based on fawajor
process of fish swarm, theyre preying, swarming, following
and random, these four processes performed by dividuals
to achieve a global optimum solution without los$
generality. AF individual will freely move in theirdction of
possible position within its visual limit d each movement
depends on the Stdjprit; Step and Visual parameters genel
great impact on AFSO algorithm performance. Thetos in
which AF exist is considerably the solution, If tkelution
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obtained is better than already existing one them new
solution is memorized, else the old value is retdinThe
consistency of the solution is determined by caltny the
fitness of the solution. AFs attain a solution poivhere its
amount of food consistency is maximum, which i®atslled
as global optimum solution. [28]. AFSO algorithmshlaeen
used for solving several kinds of optimization gesbs; it has
also shown to provide better performance [28-35].

Neural Network Training using the Fish Swarm Optimization
Algorithm

The training of neural network using the artificf@h swarm
algorithm will comprise of the swarm of fish sedarghfor the
best values of the synaptic weights assigned betwbe
neurons within the neural network; each fish repnts a
neuron in the network with a particular set of vtigectors.
The purpose of the algorithm is to find the fishasm
producing optimal weight vectors, which in turn yides the
smallest error value. The neural network error @ak is
defined byEquation 8:
EM() = > (D, = A,)

j=1m=1

Eq. 8

Where E(w(i)) is the error value at tH&iteration; w(i) is the
weights in the network connections at thetération; Oy, is the
desired output value of the'hmeuron of the network; Ais the

actual value of the thoutput neuron of the network; m is the

number of output neurons; and n is the number ahitig
patterns.

The artificial neural network training using thishf swarm
optimization algorithm consists of the followingps:

stepl: Initialization: Generate N individuals randomlyhe
fish population size of N is defined as x5, ...,X,).

step2: Fitness value calculation: calculate the corresitg
fitness value to every individual fish usifguation 9; select
the fittest solution of the artificial fish.

f (=) % Eq. 9
i=1

step3: Repeat fronstep 4 to step 7.
step4: Apply the training dataset to the neural netwdok

determine the error value. This achieved by folluypsteps:

(i) Produce new solutions and compare the fitndshe new
solutions and select the corresponding behavian thgimal
solution is added in the next generation Gen=Gaustihg
Equations 10 and11.

X" = X +Visual.rand()

Eqg. 10
X, = X
[Xv-x]

(ii)y Calculate the error value between the targel abtained
value.

Xuoa =X+ Sep.rand() Eq. 11
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step5: Based on the error value obtained frstep 4,

(i) update the AFs location to the new value ifsibetter than
the previous value; else, the location of AFs igtkenchanged.
(i) Remember the best AFs location achieved so far

step6: Stop the process of weight updation, if the exalue
has dropped below a predetermined threshold er fiftishing

the defined number of iterations.

step7: Else, return tatep 4.

step8: Stop.

In the proposed artificial neural network traininging fish
swarm optimization algorithm, each cycle of therskarocess
for optimized weights consists of three steps gfigpulation
and control parameter initialization for ANN-AFS@arithm.

The artificial fish swarm would continue the seanghprocess
until the last cycle to find the optimal weightsr fartificial

neural networks. The AFs location of which has |éwod

concentration is neglected is replaced with a néwg Ication.
Every artificial fish would produce new solutionsgights) for
the network.

The AFs location is applied randomly and is itittied for
evaluation, which uses sphere function giverquation 9 to
evaluate the fitness. Every fish try produce nealgated AFs
location for the network and the fitness evaluati®rused to
select the best food source location. If the news Adeation
has equal or better fithess than the old AFs loaatit is
replaced with the new AFs location in the memorthedwise,
the old AFs location is retained in the memory. Tineposed
structure can be effectively used for breast DCEFNERION
classification task.

4. Experimental Results and Analysis

This section presents the visual and statisticgdegrmental
results and analysis of the proposed classifiercfassifying
the suspicious lesion on real breast DCE-MR Imagagét.

4.1. Evaluation Data and Methods

The breast DCE-MR image dataset contains record$20f
patients. The provide image dataset includes 80igmeht
lesions and 40 benign lesions. The breast DCE-M®Raskt is
received from the Radiology Department of Kovai lited
Center and Hospital (KMCH), Coimbatore,
performance of the proposed classifier model iglaétd using
cross-validation experimentation and Leave-one-aurbss-
-validation, for cross-validation the image datasedivided
into the training set and the test set. The trgirsets of 70
images from the dataset (with 50 malignant lesiand 20
benign lesions) were used to construct the classifiodel and
the test sets of 50 images from the dataset (Witlmalignant
lesion and 20 benign lesions) are used to evalihatdrained
classifier model. The dataset images used foritrgiare not
used to test the classifier model. For leave-onécoss-
validation experimentation, if n images are therdataset, n-1
images in the dataset are used for training thesiflar and the

India. The
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left out image is used for testing the classiftbis process is
repeated n times, where each time a different iniadgft out.
This method of experimentation takes more time.

4.2. Performance Evaluation

The classification performance can be assessegtnmstof the
sensitivity, specificity, accuracy and Error in sddication of
the system as derived from tRquations 12-15.

Accuracy: ACC = TP+TN Eq. 12
TP+FP+FN+TN
- TN
Specificity (SP):SP=———— Eqg. 13
P Y (SP) TN+ FP a
o TP
Sensitivity (SN): SN = —— Eqg. 14
y (SN TP+ FN a
Error in classification:E =1- Accuracy Eqg. 15

Where TP = true positive, TN = true negative, FHalse
positive, and FN = false negative. It is clear tha main
purpose of any classifiers to reduce the false tipesiand
negative rates, similarly, to exploit maximum tnegative and
positive rates.

The results obtained by the proposed fish swagoréhm
trained neural network classifier using both vaiimia methods
are illustrated inTable 1 andTable 2. There exist variation in
performance results between the leave-one-out -er&ation
method and the cross-validation experimentation dise
shrinkage of the training set use in cross-valatatmethod.
The results of both validation methods indicatet tiiae
selected texture features for classifier providesbetter
discriminating between benign and malignant lesidrable 3
presents the parameter values used in the propmsdidial
fish swarm optimized training algorithm implemerdat The
parameter values were decided empirically.

The sensitivity of the algorithm is high since trete of
accuracy is higher. The efficiency of the propoakgbrithm is
good, because of less number of parameters usedeand
space required. The proposed algorithm represemied
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texture features are more effective in the lesi@assification
for the given image database.

4.3. ROC Analysis of the Classifier Performance
The accuracy of any classifier model is generaflyeased by
using ROC analysis [36]. The ROC analysis curvebigined
by plotting of the sensitivity values versus thespEcificity
values of the classifier result at differing threis. The
accuracy of any classifier is measured by areantingeROC
curve (AUC) termed AZ. The estimation of the AZ walcan
be obtained with the trapezoidal rule which canasesdtimate
the areas under the ROC curve.

Tablel. Detailed investigation of the benign vs. malignant
classification of the proposed lesion classifier algorithm.

Evaluation type validation _orossvaldation
Number of cases used for classification 50 120
True positive 29 79
True negative 18 39
False positive 2 1
False negative 1 1
Sensitivity (%) 96.99 98.75
Specificity (%) 90 97.5
Accuracy (%) 94 98.33
Error in classification (%) 6 1.667
No of cases misdiagnosed 3 2

Table 2. Simulation outcomes of lesion classification algorithm.

Correct classification Misclassification

Type of Experimentation (%) (%)
Benign Malignant Benign Malignant
Cross-validation 920 96.99 10 3.01
Leave-one-out- cross-validation 97.5 98.75 25 1.25

Table3. Parameters used in ANN Optimized AFSO training
algorithm.

L . . . Parameters Values
advantages of achieving global optimum solution dmigh : —
Fish swarm population size 200
accuracy. i I
.. Visual range of artificial fish 40
The seven statistical texture features valuescaraputed .
the i taini i ¢ d beni tesiand Crowding factor 0.95
over the |mage con alnlng mal-gr!an and benignofesian Step factor each fish in fish swarm 8
are tabulated iTable 4. This preliminary result shows that the . i
. ) ) Genmax (maximum generation) 35
tex.ture featurgs values of the mallg.nar?t lesiortsthr benign Maximum number of iterations, R 2000
lesions are different. This is also indicates ttre selected
Table4. Statistical texture features computed from the image dataset (malignant and benign lesions).
Features
Image
9 Entropy Standgrd Mean Skewness Kurtosis Variance Energy
Deviation
Malignant lesion 0.0208 8.9189 180.50 18.209 43.439 490.66 103015
Benign lesion 0.079 16.791 148.53 7.1439 65.1719 39.69 149259
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The ROC curve has been plotted by varying the tuids
values of the output layer of the classifier iswhan Figure 2.
The threshold value is varied from 0.34 to 0.74taps of 0.02.
The proposed classifier achieves A0.989 using leave-one-
out cross-validation experimentation approach apd 8.973
using cross-validation experimentation, which ifates that
the obtained classification performance by bothidadion
methods are optimum.

0.7 Az = 0989

0.5 Az=0.973

0.3
0.2
0.1

SENSITIVITY
(=}
'S

0 0.2 0.4 0.6 0.8 1
1-SPECIFICITY

Figure 2.The receiver operating characteristic (ROC) curves of
the proposed ANN optimized artificial fish Swarm algorithm
based classifier for two validation methods. The dotted line
denotes the ROC curve obtained using cross-validation method
with AZ of 0.973. The solid line denotes the ROC curve obtained
using leave-one-out cross-validation method with AZ of 0.989.
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4.4. Comparing Performance of Different
Classifiers

The accessibility of numerous high-quality classifmodels
would embolden the physicians to implement thesapuder
assisted tools into every day medical examinat@assifiers
performance has been compared in order to detertébest
classifier for discriminating between lesion typ&able 5 lists
the highest performing classifiers using textureatdees
[8,10,18 and 19] for breast lesion classificationDCE-MRI.
The performance is measured in terms of accurangitvity
and specificity. The table also lists the type afidation used
to evaluate the classifier, type of classifier usedach case
and the number of malignant and benign data sanysed. It
should be noted that the breast DCE-MR image distased
by techniques inTable5 are different and results only
illustrates the qualitative perception.

By investigating the performance results of theppsed
classifier, the best results are achieved whengusinN
trained artificial fish swarm optimization algonith based
classifier. AFSO trained ANN classifier outperforii$ other
existing classifiers. The results of the experimeaiso suggest
that combining different types of information (GLClsind
GLHM) into single feature set may enhance the disoatory
power of a feature space without increasing ite.siis will
lead to an automated computer assisted classificaystem
capable of discriminating lesion in breast DCE-MRI.

Table5. Qualitative performance comparison of the highest performing classifiers using statistical texture features reported in the

literature.
Classifier type Dataset size Accuracy (%) Sensitivity (%) Specificity (%)
s Dataset = 112
Artificial neural network (ANN) .
(Leave-one-out- cross —validation) 26— Bqnlgn 80 82 2
86 — Malignant
. . Dataset = 104
Logistic regression (LR) _ .
(Leave-one-out- cross —validation) GS-SMiﬁg:?:nt 80 91.2 64.5
. Dataset = 112
Support vector machine (SVM) — .
(Leave-one-out- cross —validation) 26 Bgnlgn 81 2 7
86 — Malignant
. . . Dataset = 121
Linear discriminant ana|y5|§ (LI?A) 44 - Benign 88 20 79
(Leave-one-out- cross —validation) ;
77 — Malignant
e . . . Dataset = 85
Artificial Bee colony algorlthr_n optlmlzed ANN clafier 20 — Benign 91.42 9230 88.88
(Cross-validation) 65- Malignant

86



Janaki Sathya D et al: Hybrid ANN optimized artificial fish swarm algorithm classifier

Pol J Med Phys Eng 2017;23(4):81-88

4.5. Snap Shots of CAE system for Breast DCE-MR I mages
This section shows few snap shots of graphical inserface of the classification system explained.

3 -

n MAINGUI

COMPUTER ASSISTED EVALUATION SYSTEM FOR BREAST DCE - MR IMAGES

-
443

Figure 3. Graphical user interface of the proposed classification system.

5. Conclusion

This paper has proposed the best performing featare
classifiers for classifying benign and malignansidas in
DCE-MRI of the breast. A set of 18 textural featuris
proposed. These are based on statistical textwatufes
mainly GLCM (gray level co-occurrence matrix) and.Hov
(gray level histogram moments) information from AEE-
MRI data. The features subset is selected usintisttal
hypothesis t-test, which results in indicating sefeatures are

enough to best in discriminating between benign and

malignant. The designed AFSO optimized ANN classifi
yields an (AUC) A =0.989 using
validation experimentation approach and A0.973 using
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