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Medical image processing and classification are unportant in medicine. Many
Magnetic Resonance Images (MRI) are taken for an mdividual. To reduce the
radiologist workload and to enable more efficiency in brain tumor detection and
classification. Many Computer Aided Diagnose (CAD) systems have been
developed using different segmentation methods and classification algorithms.
This study synthesizes and discusses some studies and their results. A Leaming
Vector Quantization (I.VQ) classifier is used to classify MRI images into normal
and abnormal. An initial experiment consisting of normal and abnormal MRT Brain
Tumor dataset from UKM Medical Center, to observe various versions of LVQ
classifiers performance 1s conducted. From the extensive and informative studies
and numerical experiments, it is expected to obtain better brain tumor classification
in the future using Multi pass LVQ classifier which obtained the least standard
deviation value (0.4) and the mean accuracy rate 1s equal to 91%.
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INTRODUCTION

Analysis the brain Magnetic Resonance Images
(MRI) 15 a critical task. An accurate analyzing leads to
early brain tumor detection. This enables the therapist to
decide the suitable treatment. To help the radiologist to
analyze the increasing number of MR, a computer aided
diagnoses (CAD) system has been developed. The CAD
system output is not the final decision, but it provides as
a second opinion for the radiologist to analyze the
information faster, more accurately and less tiring than
analyzing the images manually (Rajendran and
Madheswarar, 2009).

Image segmentation is used to distinguish a normal
mmage from the given images. Medical image segmentation
15 a helpful method for analyzing MRI or CT scan images.
Segmenting MRI or CT scan images makes extracting
abnormal features from any unage easy and the
differences are easily detected by comparing
segmented images with known normal image features
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(Gaikwad et al., 2011). However, previous and current
research m medical imaging has tended to focus on
segmentation rather than classification.

Medical imaging can be defined as the technologies
used to examine the human body to diagnose, momnitor
and treat medical conditions. Brain tumor imaging
techniques are various such as CT, X-ray, Digital X-ray

(DR), Digital Subtraction Angiography (DSA)
(TJSFDA, 2012), Positron Emission Tomography (PET),
Single Photon  Emission Tomography  (SPET),

Fluorodeoxyglucose (FDG)-PET and Magnetic Resonance
Tmaging (MRI) techniques (Minglaun et al., 2011).

In this study MRI 1s the discussed techmque. MRI 1s
usually used to detect and visualize brain tumors. An
MRI scanner (Hoffman, 2001, Coyne, 2012) provides
detailed information about normal and abnormal brain
tissues as shown in Fig. 1a and 2, respectively. To obtain
better delineation m some cases, a contrast material is
given to the patient either orally or as an imection
(TUSFDA, 2012). To differentiate tissue types according to

| scanner cutaway

Patient

Patient

Fig. 1(a-b): (a) MRI scanner (Source: Coyne, 2012) and (b) UKM Medical Center, Malaysia
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Fig. 2(a-1): Examples of axial sequences in (a-b) Normal and (c-1) Abnormal brain MRI image. (a) Normal, (b) T1-axial at
Sequence 9, T2-axial at sequence 14, (¢) Grade 1 memngothelial menmgioma, (d) T1-axial at sequence 15
T2: T2-axial at sequence (15), (e) Grade 1 pituitary adenoma, (f) T1-axial at sequence 59 T2-axial at sequence
1, (g) Grade 2 diffuse astrocytoma, (h) T2-axial at sequence 8, T2-axial at sequence 10, (1) Grade 3 rhabdoid
memngioma, () Tl-axial at sequence 8 T2-axial at sequence 9, (k) Grade 4 medulloblastoma T1-axial at
sequence 9, (1) T2-axial at sequence 13. (1) T1 axial (2) T2 axial. Source: Collected data from UKM Medical

Center, Malaysia

the proton density in MRI, T1 and T2 relaxation tumes are
used. To achieve a particular weighting in T1 and T2, a
special pre-pulse must be applied to discriminate between
water and fat (Kirsch ef al., 2009). The medical imaging
techniques can be further enhanced by iyecting the
mtelligent computing techniques for diagnostic sciences
in biomedical image classification.

Malignant tumors contain cancer cells which spread
to the surrounding brain tissues, grow quickly and are life
threatening. There are I-TV grades of primary tumors and
the grade of a tumor depends on the appearance of the
cells under the microscope (NCI, 2009). The second type
of brain tumor 1s called metastatic which refers to a cancer
that begins in another part of the body and spread to the
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bramn. Metastatic tumors can be classified according to
the position of the tumor in the brain, the type of the
tissue from which it originated, or the origmal location
(MedlinePlus, 2012).

Numerous studies have been conducted on brain
MRI images (Sasikalaet al., 2006; Chalabi et al., 2008;
Shubhangi and Hiremath, 2009; Gopal and Karnan, 2010;
Cherifi et al, 2011; Lahmiri and Boukadoum, 2011;
Abdullah et ai., 2011).

Sasikala et al. (2006) discussed segmenting the
Glioblastoma-Multiforme tumor from brain MR images.
They used the special Gray level dependence (SGLIDM)
and wavelet transform methods to extract texture
features and classify the ROI from the brain tissues into
normal and abnormal (tumor). They applied a Genetic
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Algorithm (GA) to find the optimal texture features,
minimized the number of features and increased Artificial
Neural Network (ANN) classifier accuracy. They also
used three segmentation methods: Optimal Feature
based-segmentation, tumor segmentation using region
growing and tumor region segmentation using a fuzzy
c-means algorithm. The results showed that their
proposed method outperformed the other two methods.

Chalabi et al. (2008) applied three classification
algorithms, SOM, LVQ and a combination of SOM and
LVQ, to classify the MR images. They used a manual
selection technique to segment the MRI mto gray and
white substances by taking samples that represent normal
and abnormal areas. The results of these three algorithms
are compared according to the QE (Quantization Error)
and CR (Classification Rate).

Shubhangi and Hiremath (2009) proposed a real time
design to detect brain tumors from MR images. Their
design combines knowledge-based techniques and a
multi-spectral analysis based on a Support Vector
Machine (SVM). Their approach showed good
performance m detecting normal and abnormal tissues.
The constructed system allowed repeated refinement to
apply the unsupervised segmentation and classification
decisions. They proposed a new process, called
“knowledge-engineering”, in which a set of heuristics
rules were used to show the effects of applying variant
pulse sequences on different types of brain tissues to
decide which type of knowledge 15 the most useful for
segmmenting lmages.

Gopal and Karnan (2010) introduced a new approach
to detect and diagnose brain tumors using a combination
of Fuzzy C-Means (FCM) and intelligent optimization
algorithms like (GA) and Particle Swarm Optimization
(PSO). They first enhanced MR images using a tracking
algorithm to remove film artifacts and a median filter to
remove noise. To segment and classify MR images,
they applied FCM with GA then FCM with POS.
The results showed that the average accuracy of FCM
with GA was 89% and the classification error rate was
0.078%; for the proposed method, FCM with POS
accuracy was 92.8% and the classification error rate
was 0.059%. The proposed method’s execution time was
longer than that of FCM with GA because POS processes
images layer-by-layer and FCM uses clustering
techmques.

Cherifi ef al (2011) applied two segmentation
methods to MRI brain images for a specific area of the
brain, the cerebrum and showed necrotizing tissues
implanted within the anaplastic Glioblastoma Multiform
(GBM) tissue cells. They filtered the images from noise
using a median filter, then next applied local, global and
Otsu thresholding to separate the tumor from the
background. The second segmentation method used
Expectation Maximization (EM) to extract tumors using
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characteristics, including the mean and the variations in
pixel intensity. EM method showed better results in
recognizing necrotizing tissues especially for detection
small regions of necrotizing tissue.

Lahmiri and Boukadoum (2011) used wavelet
decomposition of the MRI images, extracted features from
Low High (LH) and High Low (HL) sub-bands using a
first order statistic and classified images using a Support
Vector Machine (SVM). The results were comparable to
the method that extracted features using the LL sub-band.
They explamed that the features extracted from horizontal
and the vertical sub-band was helpful and more
computationally intensive for classifying the normal and
abnormal image textures than the LL sub-band. In
addition, they developed an ensemble of classifiers that
combine k-NN, Perceptron Neural Network (PNN) and
LVQ. The results collected from the ensemble classifiers
outperformed the performance of these classifiers
separately. However, in their study the ensemble
classifiers showed high accuracy rate with normal images
while considerable accuracy with abnormal images.

Abdullah et al (2011) discussed brain MRI
segmentation and classification. They preprocessed
umages to remove noise using two wavelet transform
algorithms: Daubechies-4 (DAUB4) and Haar. For
classification, they used the Support Vector Machine
(SVM) algorithm. They used wavelet approximate
coefficients as mputs for the SVM algorithm. The
proposed approach did not achieve good classification
accuracy, due to noise 1 the MR 1mages and misclassified
data.

Artificial intelligence techniques such as Neural
Networks have been proven to give better classification
accuracy as classification of image is an important
step in CAD approach. Most research in medical image
classification focuses on Newral Networks particularly
emphasizing back propagation (RajaRajan, 2011). Further
investigations are needed to evaluate other special Neural
Networl techniques; like LVQ which has a very simple
architecture, 1t will be of most mterest and will be
discussed m the next subsections. The generalization
ability 1s the main advantage of the LVQ classifier
(Pregenzer and Pfurtscheller, 1995). Tt can create decision
regions that are almost optimal (Khuwaja, 2002). This
study designed to evaluate the LVQ algorithm for
diagnostic science applications. The evaluation results
provide a better framework for development of emerging
medical systems, enabling the better delivery of
healthecare particularly brain cancer.

Researchers have applied various examples of NN
architecture to pattern recognition. Existing popular NN
architectures are: Multi-Layer Perceptron (MLP), Radial
Basis Function (RBF), Learmng Vector Quantization
(LVQ), Adaptive Resonance Theory (ART),
Auto-Associative NNS and Kohonen Self-Organising
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Maps (SOM). As with NN architecture, there are also
many rules for NN learning. NN learning rule are
commonly divide to two types which are supervised and
unsupervised. This study focuses on supervised learming
only. Classification accuracy is used as the performance
criterion.

From the previous studies LVQ classifier showed its
outstanding performance, this motivated the researchers
to experiment its performance with the brain data set.
Brain data set are collected from UKM (Universiti
Kebangsaan Malaysia) Medical Center.

MATERIALS AND METIIODS

In this section 1t 1s explained how image acquisition
method used in this study, the history and theoretical of
LVQ. The initial proposed framework of Brain MRI
classification based on filtering, Morphological and
segmentation methods for preprocessing phase and Grey
Level Co-occurrence Matrix (GLCM) method as the mput
features and L.VQ methods are for post-processing phase
are all explained.

Image acquisition: The mmages are captwed by the
radiologist from UKM (Universiti Kebangsaan Malaysia)
Medical Center. The sample of MRI Scannet Cutaway and
MRI Scarmer at Department of Radiologist, UKM Medical
Center are in Fig. 1b, respectively.

Table 1: UKM Medical Center axial sequence brain tumor images

The collected dataset consists of 148 abnormal and
52 normal MRIs from 10 patients. MRI scanner produces
sagittal, coronal andaxial sequences. In this study, only
T1 and T2 weighted axial sequence are used in Fig. 2. For
each Brain tumor patient, about 5 to 6 images for different
slices were selected.

For training and testing, percentage splitting dataset
1s applied. The datasets are split into traimng and testing
datasets using split percentage method (holdout method).
The used splits are 40, 45, 50, 55, 60, 65, 67, 70, 75 and 80.
This study follows the same procedure of splitting
percentage method as Haralick ef al. (1973). For example
if the splitting dataset is 40, therefore, 40% of the
whole dataset as in the Table 1 and 2 is used as training
dataset while the remain 1s set as the testing dataset. The
dataset 1s selected based on random sampling. The
experiment is conducted using this split percentage
method and evaluate the L.VQ network based on accuracy
performance after testing on MRI brain images Table 1
and benchmark datasets namely UCI Segmented challenge
and UCT Segmented Test as the experiment control
Table 2.

LVQ network in general: The LVQ neural network 1s a
supervised version of the Self Organizing Map (SOM)
algorithm, introduced by Kohonen (1988) as a modified
Labeled Vector Quantization. The LVQ neural network
works by approximating the class distribution using the

Dataset name No. of instances Spatial resolution No. of features No. of clagses Source
(@)
Brain tumor images 200 320%320 21 2 (Normal, Abnormal) UKM Medical Center
Class type T1 sub total T2 sub total
Normal 34 18
Abnommal 118 30
Abnormal sub-class type Cancerous type No. of patient data  Range of tumor size based on medical expert repoit
)
Abnormal (grade 1) Craniopharyngioma 1 1.0 em(AP)*1.1 cm{W)=1.0 em(CC)
Meningothelial meningioma 1 0.5 cm(AP)x0.7 en(W)x0.6 cmi{CC)
Diffuse large B-cell lymphoma 1 2.8 cm{AP)=3.8 cm{W)=3.8 cm{CC)
Pituitary adenoma 4 1. Missing measurement value
2. Missing measurement value
3. 1.28 cn(AP)*1.4 ecm(W)=1.2 cm{CC)
4. 0.8 cm(AP)=0.7 cm(W) = 0.8 cm{CC)
Abnormal (grade 2) Diffuse astrocytoma 1 No evidence of turmour recurrence
Abnormal (grade 3) Rhabdoid meningioma 1 3cm
Abnormal (grade 4) Medulloblastomna 1 1.0 em(AP)*3.0 cn{W) x 2.2 cm(CC)

Dataset 1 (a) General and (b) Specific. Source: Collected data from UKM Medical Center Malay sia

Table 2: UCT segmented challenge and segment-test dataset

Dataget name No. of Instances No. of features No. of Classes
Segmented challenge 1500 (19) region centroid col, region centroid row, region pixel count, 7 (brickface, sky, foliage, cermnent,
Segmented test 810 short line density 5, short line density 2, vedge mean, vegde sd, window, path and grass)

hedge mean, hedge sd, intensity mean, rawred mean, rawblue mean,
rawgreen mean, exred mean, exblue mean, exgreen mean, value mean,

saturatoin mean, hue mean

Source: (Bache and Lichman, 2013)

112



J. Med. Sci., 14 (3): 108-122, 2014

minimum number of codebook vectors that will reduce
errors in the classification phase. The LVQ algorithm
learns to classify the input vectors according to
predefined classes. Subsets of identical codebook vectors
are gathered into each class (Kohonen, 1988). Learning
Vector Quantization (I.VQ) networlks are known good
neural classifiers which provide fast and accurate results
for many applications. LVQ is a widely used approach to
classification. Tt is applied in a variety of practical problem
areas including medical image and data analysis, for
example in speech recognition and control chart pattern
recognition. Classes are predefined and the data are
labeled. The goal is to determine a set of prototypes that
best represent each class. In vector quantization, it is
assumed that there is a codebook which is defined by a
set of M prototype vectors. (M is chosen by the user and
the initial prototype vectors are chosen arbitrarily).

An LVQ network comprises three layers of neurons:
An input buffer layer, a hidden layer and an output layer.
The input layer carries out no information processing and
only conveys the input patterns to the network. The
hidden layer (also kenown as the Kohonen layer) performs
actual information processing. The output layer yields the
category of the input pattern. The network is fully
connected between the input and hidden layers and
partially connected between the hidden and output layers.
Each output neuron is linked to a different cluster of
hidden neurons. The hidden layers to output layer
connections have their values fixed to 1. The weights of
the connections between the input and hidden layers
constitute the components of the reference vectors (one
reference vector is assigned to each hidden neuron).

The reference vectors values are modified during the
training of the network. Both the hidden neurons and the
output neurcns have binary outputs. When a Kohonen
newon wins the competition, it 18 tumed ‘on’ (its
activation value is made equal to 1) while others are
automatically switched “off” (their activation values are
set to 0). This, in twn, makes the output neuron
connected to the activated Kohonen neuron or to the
cluster of hidden neuwrons that contains the winning
neuron switch ‘on’ (emits a “1') and the rest switch “off
(emits a “0"). The output neuron that produces a *1' gives
the class of the input pattern. Each output neuron is
dedicated to a different class.

LVQ algorithm: LVQ, as its name indicates, is based
on vector quantization which is the mapping of an
n-dimensional vector into one belonging to a finite set of
representative vectors. That is, wvector quantisation
involves clustering input samples around a predetermined
number of reference vectors. Learning in an LVQ network
consists essentially of finding those reference vectors.
The classification of input values into clusters is
conducted on the basis of nearest neighbourhood and the
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smallest distance between the input vector and reference
vectors is sought (smallest in the sense of the normal
Euclidean distance). For each training pattern, the
reference vector that is closest to it is determined. The
corresponding output neuron is also called the winner
neuron. At each learning iteration, the network is
triggered only if its output is correct or incorrect and only
the reference of that neuron which wins the competition
by being closest to the input vector is activated and
allowed to modify its connection weights. This movement
of the reference vector is controlled by a parameter called
the learning rate. It states how far the reference vector is
moved as a fraction of the distance to the training pattern.
Usually the learning rate i1s decreased in the course of
time, so that initial changes are larger than changes made
in later epochs of the training process. A simple LVQ
training procedure is as follows (Xing and Pham, 1995):

Initialise the weights of the reference vectors
Present a training input pattern to the network
Calculate the (Euclidean) distance between the input
pattern and each reference vector

Update the weight of the reference vector of the
winning hidden neuron that is closest to the input
pattern. If the input pattern belongs to the cluster
connected to the output neuron class, the reference
vector is moved closer to the input pattern.
Otherwise, the reference vector is moved away from
the input pattern

Return to (ii) with a new training input pattern and
repeat the procedure until all training patterns are
correctly classified (or a stopping criterion is met)

The LVQ procedure is translated into flow chart of a
standard LVQ network steps as shown in Fig. 3.

Structure of the network: L.VQ network consists of one
input layer, Hidden or Kohonen Layer (competitive layer)
with full connection between them and one output layer
with partial connection with Kohonen layer as shown in
Fig. 4. The input layer contains 21 neurcns (equal to the
No. of attributes), the competitive layer contains 40
neurons (40 codebook vectors). Number of code vectors
per class depends on the class distribution proportion.

Learning procedure in standard LVQ networks: Good
performance in an L.VQ network depends on the correct
nmumber of reference vectors being assigned to each
category, their initial values and the choice of a proper
learning rate and stopping criterion. In general, the
Euclidean distance is adopted as a basic rule of
competition between the weight vectors of the reference
vectors and the GLCM input vector. The distance d
between the weight vectors W; of neuron T and the GL.CM
input vector X is given by:
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LVQ steps |
Vector quantization
Representative classifiers > Nearest neighbors
Learning algorithm > Reinforcement
Learning rules > Winner-takes-all
Learning rate »| Monotonically decreasing
Network layers
Input; »| Hidden layer »  Output layer
Fully connected Partially connected

Fig. 3: Steps of a standard LVQ network. (Source: Xing and Pham, 1995)

Input layer Hidden (Kohonen) layer Output layer

Classl  Abnomal brain
MRI

Brain GLCM
normalzed

features

Class 2 Normal brain
MRI
| —]
X:l
40 code vectors

Fig. 4: Proposed LV(Q structure based on GLCM features

d, =|/w, -x] = Jm_x ¥) (1) If the winning neuron is in the correct category, then:

i i [T i

where, W, and X, are the jth GLCM components of W, and Wiew = Wat AX-Woy) (2)
X, respectively. The neuron which has the mimimum ) o o )
distance wins the competition and 1s permaitted to change And if the winning neuron is in the incorrect
its connection weights in each learning iteration. The  ©alegory. then:
learning formula for updating the reference vector is given
as follows. Wy = W A(K-Wo) (3)
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Tn Eq. 2 and 3, A is the learning rate (usually, O<A<1)
which decreases monotonically with the number of
iterations. The implication of the leaming rule expressed
m Eq. 2 and 3 1s that the weight or reference vector 1s
updated to be close to the input vector if it represents the
input pattern and is pushed away if it does not.

LVQ network configuration: It consists of one mput
layer, on competitive layer (hidden) and one output layer.
The initial parameters of L.VQ classifiers such as number
of iterations, learmng rate and the codebook vectors were
selected based on different runs. Thus, the selected mmtial
parameters of LVQ series are 1000, 0.3, 40, respectively.

Brain MRI segmentation and classification proposed
framework: This proposed framework shows the overall
procedure where the TLVQ classifier is applied, the
proposed framework containg two phases: Preprocessing
and post-processing as shown in Fig. 5.

In the preprocessing, data preprocessing techniques
was applied to enhance the images and extract texture
features. Tmage enhancement includes applying two types

Read MRI image

I<—

I High pass filter+medfilt 2 I

]

I Water shade segmentation
y
Threshold segmentation

v

Morphgological operation

1- Erosion 2- Dialition

Final segmented
image

Read segmented image

¥

Feature extraction using

of filters. The first is high pass filter which consists of
fourier transform, butterfly and exponential high pass
filtering processes for sharpmg the edges m the
respective 1image and the second is Median filter. It 1s
used due to its excellence noise reduction capability with
considerably less blurring than linear smoothing filters of
similar size.

Next step 1s applying watershed and Otsu (1979)
segmentation techniques and convert the images into
binary form. Closing and Opening morphological
operations were applied to extract pixels with the highest
mtensities which represent the tumor region then
combined the tumor region image with the original
image. Gray Level Co-occurrence Matrix (GLCM)
(Haralick et al., 1973; Soh and Tsatsoulis, 1999,
Clausi, 2002; Bataineh ef al., 2012) was used to extract the
texture features of the final images as shown in Fig. 6.

The extracted features are listed in Table 3.

Next step was testing LVQ series such as Hierarchy
LVQ,LVQ1, LVQ2.1, LVQ3, Mult-pass LVQ, OLVQ1 and
OLVQ3 to classify the output of the segmented images
into normal and abnormal.

Model
classification
acc uracy

]

LVQ classification
model

1

Training LVQ
classifier

1

Training dataset

t

Testing dataset

T

Extracted
texture features

GLCM

Fig. 5: Proposed framework for brain MRI classification
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Fig. 6(a-f): Images before segmentation for abnormal cases (a) T1 sequence 25 and (¢) T1 sequence 13 and normal case
(e) T1 sequence 1 and (b, d and f) are output images after segmentation phase. Source: Collected data from

UKM Medical Center, Malaysia

Table 3: Gray level co-occurrence matrix (GLCM) features

Attribute

Source

Autocorrelation

Correlation

Cluster prominence

Cluster shade

Dissimilarity

Energy

Entropy

Contrast

Homogeneity

Maximum probability

Sumn of squares variance

Sum average

Sum variance

Sum entropy

Difference variance

Difference entropy

Information measure of correlationl
Information measure of correlation2
Tnverse difference normalized (TNN)
Inverse difference moment normalized

Haralick et af. (1973)

Haralick et ad. (1973) and Soh and Tsatsoulis (1999)
Haralick et af. (1973)

Haralick ef ad. 1973)

Haralick et af. (1973)

Haralick et . (1973)

Haralick ef ad. (1973)

Haralick et ¢, (1973) and Soh and Tsatsoulis (1999)
Haralick et af. (1973)

Soh and Tsatsoulis (1999)

Haralick et af. (1973)

Haralick ef ad. (1973)

Haralick et af. (1973)

Haralick ef ad. (1973)

Haralick et af. (1973)

Haralick ef ad. (1973)

Haralick et af. (1973)

Haralick ef ad. (1973)

Clausi (2002)

Clausi (2002)

RESULTS

The results of testing LV(Q series with three data
sets: The collected brain tumor dataset and two
standard datasets from University of California
(Bache and Lichman, 2013) which are segmented
challenge and segment test datasets explained in
Fig. 7.
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The initial parameters used torun this experiment
15 1000 for nmumber of iteration, 0.3 learning rate,
40 codebook vectors and use voting true. In
LVQ2 classifier the allowed window size (w) of
matching codebook 0.3. LVQ3
classifier Epsilon learming weight (E = 0.1) modifier
15 used when both BMUs are of the same mstances
class.

vectors  1s In



J. Med. Sci., 14 (3): 108-122, 2014

(@)
95.007aLVQ1
oLvQ2

aLvQ3

90.004®OLVQI

mOLVQ3

B Multipass LVQ _
m Hierarchy LVQ 1l -

85.00 1 1 ~ _ n

80.00 1

75.00 1

70.00 1

65.00-4 - — — = = — - - =
98.00+ (b

96.00 4

94.004 k ‘

98.007 (c)

40% 45% 50% 55% 60% 65% 67% 70% 75% 80%

Percentage

=

=

=

Percentage

e W
P
mm—

96.00 1

94.00

92.00

Percentage

90.00

88.00 1

86.00 1

. =_
P
..
——

84.00 -

Fig. 7(a-c): Various LVQ classification accuracy rates in comparison to dataset split percentages using (a) UKM Medical
Center MRI Brain Tumor Image dataset, (b) Segment-challenge dataset and (c¢) Segment-test dataset
“No. of iteration = 1000, Learning Rates = 0.3"

The datasets are split into tramming and testing The used splits are 40, 45, 50, 55, 60, 65, 67, 70, 75 and 0.
datasets using split percentage method (holdout method). This study follows the same procedure of splitting
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Table 4: Accuracy rates of the MRI brain tumor image dataset

Split percentage LVOL (%) LVQ2 (%) LVO3 (%) OLVQL (26) OLVQ3 (%6) MultipassLVQ (%) HierarchyLVQ (96)
40 82.50 81.67 82.50 82.50 82.50 81.67 80.83
45 85.45 77.27 82.73 82.73 82.73 80.00 80.00
50 83.00 79.00 81.00 84.00 84.00 82.00 81.00
55 84.44 82.22 83.33 83.33 83.33 82.22 80.00
60 81.25 82.50 83.75 82.50 82.50 85.00 80.00
65 84.29 82.86 88.57 85.71 85.71 81.43 84.29
67 86.36 86.36 83.33 83.33 83.33 87.88 84.85
70 85.00 85.00 81.67 83.33 83.33 85.00 86.67
75 86.00 90.00 86.00 90.00 90.00 88.00 82.00
80 87.50 87.50 87.50 87.50 87.50 92.50 92.50
“No of iteration =1000, Learning rates = 0.3"

Table 5: Accuracy rates of the segment-challenge dataset

Split percentage LVOL (%) LVQ2 (%) LVO3 (%) OLVQL (26) OLVQ3 (%6) Multipass LVQ (%) HierarchyLVQ (96)
40 89.00 88.67 88.67 88.33 88.33 91.89 93.44
45 89.82 90.79 91.78 89.45 89.45 92.00 93.94
50 89.33 90.27 88.93 90.67 90.67 92.67 94.13
55 90.67 89.48 89.19 89.78 89.78 92.15 94.07
60 90.00 90.67 89.00 91.00 91.00 92.17 94.33
65 90.48 90.29 90.10 89.52 89.52 93.52 94.67
67 91.31 90.91 89.90 90.30 90.30 93.13 94.75
70 91.11 92.44 9222 90.44 90.44 93.33 96.00
75 89.87 92.53 90.67 91.47 91.47 93.60 96.00
80 90.67 91.67 91.33 90.00 90.00 92.67 95.67

“No of iteration = 1000, Learning rates = 0.3"

percentage method as Haralick er «l. (1973). The
performance accuracy rates of all the LVQ classifiers with
the brain tumor dataset are shown in Table 4. In overall,
the split (75) shows better accuracy rates than the other
splits and the highest accuracy rate belongs to LVQZ,
OLVQ1 and OLVQ3 classifiers with accuracy rate (90%)
while the other classifiers obtaned as follow: LVQI1 1s
86%, LVQ3 is 86%, Multipass LYQ is 88% andfinally
Hierarchy LVQ 1s 82%.

Figure 7a explains the performance of LV(Q serise with
brain tumor dataset. The performance of LVQ1 1s slightly
better than OLVQ1 m splits (45, 55, 67 and 70) and at splits
50, 60, 65 and 75 OLVQI1 outperforms L.VQI and the rest
are equal. OLVQ3 outperforms LVQ3 at 50, 70 and 75 splits
and .VQ3 outperform OLVQ3 at accept at 60 and 65 splits.
Hirerarchy LVQ performance has been improved by
mcreasing the split percentage. Multipass LVQ showed a
stability in splits 40-60 and start to increase in splits 65-70.
LVQ2 performance showed high accuracy in split 75 but
for the rest of the splits the accuracy was low. In general
all the versions of LVQ algorithms showed the best
accuracy at split 75%.

The segmented challenge dataset consists of 1500
mstances, 19 attributes and 7 classes. The LVQ classifiers
accuracy rates with this dataset are shown in Table 5. The
accuracy rates of most LVQ classifiers showed better
results in split 75 than the other splits. The accuracy rate
of LVQ1 classifier is 89.87%, LVQ2 is 92.53%, LVQ3 is
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90.67%, OLVQI1 is 91.47%, OLVQ3 is 91.47%, Multi-Pass
LVQ 18 93.60 and for Hierarchy LYQ) 1s 96% as shown in
Table 5 and Fig. 7b.

The results of classifying segmented challenge
dataset are shown in Fig. 7b. The Hierarchy LVQ classifier
outperformed the rest of the classifiers with stable
accuracies 1n all dataset splitting percentages. The other
LVQ classifiers are slightly different. Similar to UKM
Medical Center Bramn Tumor’s experimental results, the
optimal dataset splitting percentages for all LVQ series is
75%.

The third standard dataset used in this study to test
the performance of LVQ series is the segment-test dataset.
It consists of 810 mstances, 19 attributes and 7 classes.
The classification accuracy rates are shown in Table 6 and
Fig. 7c. In general the best split which shows the best
accuracy rates for most of the LVQ classifiers 1s split 75.
In this split the accuracy performance of LVQI is 92.61%,
LVQ2 18 92.61%, LVQ3 1s 91.63%, OLVQ1 1s 92.61%),
OLVQ3 is 92.61%, Multi-pass LVQ is 93.60% and for
Hierarchy LVQ 18 95.57%.

In addition to the brain tumor images, LY(Q series are
tested using second standard data sets from UCT the
segment-challenge segment-test datasets. The
accuracies of all LVQ series are decreasing at 60%
except for LV(Q2, OLV(Q3 and Multipass LVQ for brain
tumor dataset, the accuracies of all LVQ series are
decreasing at 55% except for LVQIl and LVQ3 for

and
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Table 6: Accuracy rates of the segment-test dataset

Split percentage (%) LVQI (%) LVQ2 (%) LVQ3 (%) OLVQ1 (%) OLVQ3 (%) Multipass LVQ (%) Hierarchy LVQ (%)
40 88.68 88.89 88.68 89.92 89.92 91.56 93.62
45 89.01 90.36 89.24 90.13 90.13 92.60 92.15
50 90.62 90.37 91.36 90.62 90.62 92.59 94.07
55 90.41 90.68 89.59 89.86 89.86 91.78 92.60
60 90.74 91.05 91.05 90.74 90.74 94.14 93.83
65 90.85 91.20 91.55 91.55 91.55 93.31 94.72
67 91.42 91.42 91.42 91.79 91.79 93.66 94.40
70 91.36 90.95 90.12 90.95 90.95 93.00 94.24
75 92.61 92.61 91.63 92.61 92.61 93.60 95.57
80 91.98 93.83 91.98 91.98 91.98 93.83 95.68
No of iteration = 1000, Tearning rates = 0.3

Table 7: Classification accuracy rates for all variations of LVQ using UKM Medical Center brain tumor dataset at its optimal split percentages

TUKM medical center brain tumor

Split (%) LVQ1 (%) LVQ2 (%) LVQ3 (%) OLVQ1 (%) OLVQ3 (%)  Multipass LVQ (%)  Hierarchy LVQ (%)
40

Accuracy 82.50 81.67 82.50 82.50 82.50 81.67 80.83
Sensitivity 82.50 81.70 82.50 82.50 82.50 81.70 80.80
Specificity 61.50 53.90 59.80 61.50 61.50 61.30 73.60
45

Accuracy 85.45 77.27 82.73 82.73 82.73 80.00 80.00
Sensitivity 85.50 77.30 82.70 82.70 82.70 80.00 80.00
Specificity 66.40 42.80 54.10 55.40 55.40 53.20 66.00
50

Accuracy 83.00 79.00 81.00 84.00 84.00 82.00 81.00
Sensitivity 83.00 79.00 81.00 50.00 50.00 54.20 65.50
Specificity 56.00 63.00 63.80 93.60 93.60 90.80 87.30
55

Accuracy 84.44 82.22 83.33 83.33 83.33 82.22 80.00
Sensitivity 84.40 82.20 83.30 83.30 83.30 82.20 80.00
Specificity 58.10 63.50 54.30 76.20 76.20 73.90 67.40
60

Accuracy 81.25 82.50 83.75 82.50 82.50 85.00 80.00
Sensitivity 81.30 82.50 83.80 82.50 82.50 85.00 80.00
Specificity 67.10 48.00 47.80 50.80 50.80 66.30 66.70
65

Accuracy 84.29 82.86 88.57 85.71 85.71 81.43 84.29
Sensitivity 84.30 82.90 88.60 85.70 85.70 81.40 84.30
Specificity 65.50 51.70 64.80 71.30 71.30 57.90 76.40
67

Accuracy 86.36 86.36 83.33 83.33 83.33 87.88 84.85
Sensitivity 86.40 86.40 83.30 83.30 83.30 87.90 84.80
Specificity 59.80 63.60 53.80 52.20 5220 74.90 87.80
70

Accuracy 85.00 85.00 81.67 83.33 83.33 85.00 86.67
Sensitivity 85.00 85.00 81.70 83.30 83.30 85.00 86.70
Specificity 62.50 60.70 61.50 67.80 67.80 82.50 84.10
75

Accuracy 86.00 90.00 86.00 90.00 90.00 88.00 82.00
Sensitivity 86.00 90.00 86.00 90.00 90.00 88.00 82.00
Specificity 79.60 77.60 68.40 89.10 89.10 67.00 73.70
80

Accuracy 87.50 87.50 87.50 87.50 87.50 92.50 92.50
Sensitivity 87.50 87.50 87.50 87.50 87.50 92.50 92.50
Specificity 7270 63.60 74.80 52.30 52.30 82.50 92.00

segment-challenge dataset and the accuracies of all
LVQ series are decreasing at 55% except for LVQZ for
segment-test dataset. Then, a sudden rise is shown
in all accuracy rate results for all LVQ series. As
conclusion, this experiment has also proven the
outperformance of the Hierarchy LVQ compared to the
other algorithms for segment-challenge and segment-test
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dataset, the Multi-pass LVQ shows better performance
than Hierarchy LVQ for Brain Tumor dataset as shown in
Fig. 7.

The best dataset split percentages for each dataset
15 selected, as shown m Table 7. Multi-pass LVQ has
produced the least standard error accuracy rates n
comparison with all other T.VQ series in all datasets. Thus,
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Multi-pass LVQ is more stable than the other
classifiers and has the potential to be wnproved m the
future.

Based on True-Positive (TP), True-Negative (TIN),
False-Positive (FP) and False-Negative (FN) measures,
statistical performance 1s calculated, such as sensitivity
TP/TP+FN, specificity TN/TN+FP and accuracy
TP+TN/TP+TN-+FP+FN, respectively. Based on Table 7,
sensitivity rate for the LVQ and its siblings are able to
recognize abnormal images m the mterval of 81.70-90%.
This result showed at 70-75% splitting dataset. On the
other hand, specificity rates which represents the true
negative of normal image, falls in the interval of
60.7-89.10% at the same splitting dataset. In conclusion,
overall performance showed that accuracy of the LVQ and
1ts siblings are acceptable in the range of 81.67-90%. This
has also determined the most suitable splitting dataset
within 70-75%.

Finally, ANOVA statistic test was applied to confirm
or reject the mean differences between all the classifiers.
The null hypothesis H, states that there is no significant
difference mn the performance accuracy rates of all LVQ
series with the three datasets. For « 0.05 (the
confidence level 15 (95%), the calculated p-value 15 equal
to 0.42 which is greater than 0.05, the F value is equal to
1.078 which is less than F critical (2.8477). This means that
the differences in the performance of the LVQ classifiers
are not significant and the null hypothesis is accepted.

DISCUSSION

The mam data set used m this study is the bramn MRT
images which has been collected from UKM Medical
Center, Malaysia. The images passed through different
image enhancement techniques to remove noise and
sharpen the edges, image segmentation and thresholding
techniques, morphological operation and feature
extraction techmiques. Principle Component Analysis
(PCA) is used to minimize the data set size by choosing
only effective features vectors only.

LVQ algorithm invented by Kohonen (1988). These
mvented algorithms are used for traming the
nearest-neighbor classification. TLVQ family consists of
LvQ1,LVQ2 and the improved versions LVQ2.1, LVQ3,
OLVQI1, OLVQ3, Multipass L.VQ and HL.VQ algorithms.
LVQ algorithms are used for pattern classification,
statistical pattern classification and signal processing.

The disadvantages of LVQ classifier are as follow
(Grbovic and Vucetic, 2009):
¢ The classification results depend on the initial choice
of prototypes. Choosing improper number of
prototypes causes poor classification performance
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L.VQ algorithms typically choose the same number of
prototypes per class and the decision (chosen by
user) there 18 no guarantee that the prototypes are
going to adapt to the data in the best possible way.
Some classes m multiclass datasets have complicated
distribution in the feature space more than others.
That means they get more number of prototypes.
Also this leads to an issue when the class 1s lughly
unbalanced

LVQ algorithms are not robust to noisy data and
prototypes are sometimes trapped in the positions
where they became useless

Prior to above statements and findings, Multi-pass
LVQ outperforms other LV(Q) siblings as both methods
uses the fast class distribution and optimization method
for solving parameter tuning issue. On the other hand,
Hierarchy LVQ puts a lot of attention in skipping overlap
adjacent feature spaces when they appear close to the
border of class separation.

In general, LVQ classifier assigns the input vectors
to the code vectors by measuring the distance between
them using Fuclidean distance function. LVQ siblings
algorithms were originally designed to tackle the problem
that some neurons may win too often while others are
always inactive, thus reducing the dependency on using
traiming examples as mitial weights. In these traming
examples, normally lack of all classes. Thus, multi
randomization technique helps to improve the distribution
of the training examples properly. To increase the chances
of other neurons to be winners, rounding off fimetion 1s
applied to the Euclidean distance equation.

LVQ classifier has been discussed in this work. The
results show that T.VQ neural network classifier is a high
performance classifier due to its siumple structure
which makes it faster than the back propagation
networks; it can be used with normalized and not
normalized input data, flexible which make applicable in
general fields and the ability to recognize subclass. The
factors that affect the LVQ classifier performance are
the learming rate, mumber of the code vectors in
the competitive layer and the initial weight. Many
researchers such as Wang and Wen (2008) solved these
problems by using Genetic algorithm to find the best
LVQ NN imtialization and  features selection
(Sasikala et al., 2006). The distance between the input
vectors and the code vector is measured using Huclidian
equation. Only the code vector with min distance will be
the winner and the rest of code vector neurons will
pushed away regardless if it comtains mmportant
information or not.
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CONCLUSION

In this study, some studies related to brain MRI
segmentation and classification techmiques are discussed.
This study has demonstrated the possibility of using the
supervised learning algorithm LVQ classifier for the brain
tumor detection problem using MR images. The LVQ
algorithm is effective at reducing large datasets, can
manipulate dataset features andworks with datasets
containing missing data. It can also be easily updated and
applied to different problems. Thus, it is expected to
achieve good results in detecting brain tumors from MR
images using the LVQ classifier. The Multi pass LVQ
showed better stability than the other LVQs and for that
reason it has the great potential to be applied for bramn
imaging problems. In term of the performance accuracy
rate, the ANOVA test showed no mmportant difference
between the LVQ siblings performance. Thus, with an
appropriate image preprocessing techniques and with the
correct dataset split percentage which includes all classes
any version from LV(Q siblings will be suitable to classify
Brain MRI. However, the small size of the bramn tumor
dataset and the quality of the collected images could
affect the classifiers performance.

For the future work a bigger size data set and
different enhancement techmques to remove noise from
images and improve the images homogeneity will be used
to improve the classifiers performance.
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