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ABSTRACT

In this paper, investigations to evaluate variceetdre extraction and selection methods for cliassion

of lung images are conducted. Widespread screémynGT or MRI is not practical, ensuring that chest
radiology is the most common procedure for diagho$ilung disease. The term lung disease refetiseto
disorders that affect the lungs such as asth@®PD and infections like influenza, pneumonia,
tuberculosis, lung cancer, and many other breathpngblems. This study classifies Lung images
automatically as Pleural effusion, Emphysema, Bhdiecand normal lung scan. Features extraction is
through Gabor filter, Walsh hadamard transform.ti®aselection is through Correlation based Feature
Selection (CFS), Principal component analysis (P@Aassification is through use of Naive Bayes8,] 4
K- Nearest Neighbour (KNN) and Multi-Layer PerceptiNeural Network. The results of the performance
ensure that the PCA with multi layer perceptronvfites above 81% of accuracy.
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1. INTRODUCTION

effusion refers to increased amount of fluid within
The lungs are contained within the thoracic cavitythe pleural cavity (i.e.) accumulation of fluid
The lungs themselves are enveloped in two pleurbetween the layers of the membrane that lines the
membranes or pleurae. It retains its form and sidengs and the chest cavity. The CT scan types
due to the vacuum between the pleura and the chegtich investigate specific areas of the body
wall. The Ilungs are subdivided into lobes:include: head scans, which check for
compartments that are fed by different parts of theuspected brain tumors and bleeding abdominal
bronchial and vessel trees. CT imaging had evolvestans, to detect tumors and diagnose conditions
far enough in terms of speed and resolution to makmausing internal organs like liver, kidneys,
it a valuable tool in the imaging of the lungs. Thepancreas, intestines or lungs, Bone scans, which
medical image analysis is extremely challenging foassess bone injuries and disease.
many reasons. First, as CAD/CADx system§his study classifies Lung images automatically as
efficacy has very serious implications, neaPleural effusion, Emphysema, Bronchitis, and
perfection is needed. Second, large variabilitthen normal lung CT scan. Features extraction is through
abnormalities appearance makes this a difficufproposed Gabor filter and walsh hadamard
image analysis task. transform. Feature selection is through Correlation
Bronchitis is a form of COPD characterized by éased feature selection, PCA. Classification isedon
chronic productive cough. Emphysema is pathologgy Naive Bayes, J 48, K- Nearest Neighbour and
of the lung, characterized by the destruction afjlu Multi-Layer Perceptron Neural Network. The
tissue. Difficulty blowing air out is its hallmark. outputs of the proposed work are calculated and the
Emphysema shows up on CT as areas witherformance measures of the variousthods are
abnormally low attenuation coefficients. Pleural  tabulated.

s
389



Journal of Theoretical and Applied Information Technology
20" March 2014. Vol. 61 No.2 N

© 2005 - 2014 JATIT & LLS. All rights reserved-

SATIT

ISSN:1992-8645 www.jatit.org E-ISSN17-3195

2. RELATED WORKS | moutimaa |
v

Preprocessed image

Computed Tomography (CT) is efficient than X-ray
[1], the latter is more generally available. Theref

preliminary diagnosis for TB and lung cancer, ¢

currently performed by medical doctors, is mainly FEATURE EXTRACTION METHODS
based on chest X ray images. In previous studies, 1.Gabor filter 2.Walsh hadamard transform
classification systems were developed by using the *

features of nodule candidate patterns with image- CEATURE SELECTION METHODS
processing teChnlqueS [2_4]’ by cIassn‘ylng the 1. Correlation Based Feature Selection 2. Prihcipa
shape of pulmonary nodule patterns [5, 6] and by component Analysis

using morphological features [7, 8]. i

Mitani, et al., [9] evaluated performance of Gabor L 1482, KNS';A“ASLE!E,LER@-l-VE BAYES
filter and experiments revealed that the Gabor

filter-based approach was effective in classifying l

diffuse lung diseases. Bench Marking By Performance Measures
A computer-aided system to classify CT images Fig 1: Block Diagrarf the proposed work

proposed by Mohammed, et al., [10] described lung
images, using artificial NN CT images and whic!‘a1

; tinated to devel ter-aid .1 Material And Methods
were investigated 1o develop a compuler-aideg, y,q study, dataset containing 59 lung CT images
system to discriminate varying lung abnormalities

i . comprising emphysema(15),Bronchitis(20),Pleural
'rll'hlslthwas t;[hrotugh analysis of data recorded fol'éf‘fusion(lO) and normal lung(14) are taken from
ealthy subjects. 59 patients was utilized. The lung diseases are
Uppaluri et al. [11] have developed a gener (fategorized by the radiologist from the CT Image.
system for regional classification by using smal m?gets areh collected from 31 ”.‘a'e fand 2185f?ma7lg
areas that were classified into one of the siR2"€MS _\I/_vhosehagjtesc$r¢ ranglngf ror? " 0
categories based upon 15 statistical and fract§fars: € ches 'mages of patients were
texture features scanned at Radiology Department, Sri Manakula

Vinayagar Medical College and Hospital

Shyu et al, [12] have developed a system thg{_ladagadipet, Pudl_Jcherry. All CT images are in
retrieves reference cases similar to the caserat ha>iZ€ Of 256 x 256 pixels and stored as DICOM
from a proven database. In their approach they ha{Bigital Imaging and Communications in Medicine)
combined global and anatomical knowledgeformat files, directly from the CT modality.
combining features from several pathological

regions and anatomical indicators per slice. .2. Data Preprocessing , _
Preprocessing phase of the images is necessary to

Ribeiro, et al., [15] proposed StARMinerimprove the quality of the images and make the
(Statistical Association Rule Miner) that aims afeature extraction phase more reliable. The p@&pos

identifying the most relevant features from thos@®f pre-processing is removal of noises from the

extracted from each image, taking advantage &fng CT images. In the data preprocessing the
statistical association rules. The feature vector@edian filters and morphological smoothening are
condense the texture information of segmente@pplied to enable the input image for effective

images in just 30 features. The attributes selectdgature extraction techniques.

by StARMiner with those selected by the C4.5 were

compared, and found that the attributes selected By3 Feature Extraction

StARMiner maintains the retrieval ability of imagesimages usually have a huge number of features. It
higher. The proposed StARMiner achieved &S important to recognize and extract interesting

reduction of 50% to 85% in the number of featuresfeatures for an exacting task in order to decrézse
complexity of processing. All the attributes of an

3. PROPOSED WORK image are not useful for knowledge extraction. The
feature extraction methods used are a) Gabor filter

The following are the illustration of the proposed?)Walsh hadamard transform

work.

390



Journal of Theoretical and Applied Information Technology
20" March 2014. Vol. 61 No.2 N

© 2005 - 2014 JATIT & LLS. All rights reserved-

SATIT

ISSN:1992-8645 www.jatit.org E-ISSN17-3195

3.3.1 Gabor Filter X = upvT (3)

The Gabor filter is used to extract the texturavhere T means transpose. U is principal
features from the preprocessed image. The codimgmponents (PCs) of unit length, and columns of V
is implemented using the Matlab. The 2D Gaboare principal components corresponding loadings.
filter constitutes a sinusoidal plane of specificThe variance of ith PC &2 i, 1.

frequency and modulated Gaussian. 3.5 Classifiers
1 1 x*
G(X, Y) 5 eXF{—Z(Z +yzB The “classifier" referred as the
0,0, % 9y mathematical function, which is implemented by a
(1) classification algorithm, will maps input data to a

The gabor filter will extract the texture featueesd category can be supervised or unsupervised
the various orientations of the images are takelearning. Four types of the classifiers are usead fo
along with the max, min, mean, median. the proposed work.

3.3.2 Walsh—Hadamard Transform 3.5.1 Naive Bayes

The Walsh—-Hadamard transform returns sequen®ayesian classifiers assign the most likely class t
values. Sequency is a frequency notion and defingfiiven example described by its feature vector.
as one half of average number of zero-crossings pEaive Bayes is used for classifying the extracted
unit time interval. The Walsh functions in thefeatures in this study. The extracted features are
matrix are not arranged in increasing order ofrtheiclassified to the most likely class. Learning in

sequencies or number of zero-crossings Naive Bayes is simplified by assuming that the
features are independent for a given class. The
feature is classified as shown in equation (4) Wher
HN:i(HN -1 HN_lj (2 X=(X1,..., Xn) is the feature vector and C is a
\/E Hv-1 Hn-1 class.
The choice of choosing this classifier is the

Additionally the WHT was advantageous due to the P[—Y C} = f:lP[\}{f C}

following reasons: (a) it has a real nature and (b (4)

only additions and subtractions are needed t&he images are classified according to the feature
compute coefficients. according to the classes.
P 3.5.2J48

3.4 Feature Selection Decision tree structures organize classification
Feature selection deals with selecting a subset efhemes where they visualize the steps to reach
features, among the full features, that shows thglassification. A decision tree begins with a root
best performance in classification accuracy. Thaode, considered other nodes "parent." Each tree
best subset contains the least number of dimensionsde evaluates data attributes determining the path
that most contribute to accuracy. The methods useg follow. The decision test compares values
in this work are the correlation based featur@gainst constants. Decision tree classificatiobyis
selection and principal component analysis. routing from root node till it reaches a leaf node.
3.4.1 Correlation-Based Feature Selection (Cfs)

One of the filter based multivariate model searcB.5.3 Multi Layer Perceptron Neural Networks
which is models feature dependencies, Independent  (MLP NN)

of the classifier, better computational complexityAn artificial neural network is a mathematical
than wrapper methods is correlation based featurgodel based on biological neural networks Neurons
selection. CFS is used to determine the best featuwire organized into layers. The input layer consists
subset and is usually combined with searcBimply of the original data, while the output layer
strategies such as forward selection, backwalgodes represent the classes. Then, there may be
elimination, bi-directional search, best-first s#ar several hidden layers. A key feature of neural
and genetic search.CFS first calculates a matrix @etworks is an iterative learning process in which
feature-class and feature-feature correlations frogmta samples are presented to the network one at a
the training data. time, and the weights are adjusted in order to
3.4.2 Principal Component Analysis (PCA) predict the correct class label.

PCA is a popular data processing/dimensiom main concern of the training phase is to focus on
reduction technique. It has many applications as ahe interior weights of the neural network which
un-supervised learning method like handwritten zipdjusted according to the transactions used in the
code classification and human face recognition.  learning process.
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3.5.4 K Nearest Neighbor (KNN)

The Nearest Neighbor Classification underlying
intuitions are straightforward, and examples base
on class of nearest neighbor are classified. Mo
than one neighbor is considered and so th
technique is usually called k-Nearest Neighbor (k
NN) where k nearest neighbors determines class.

4. RESULTS AND DISCUSSIONS
The output of the various phases of the work is &

follows the input image is preprocessed and th
feature extraction is done by the gabor filter an

INPUT  PREPROCESSING FEATURE EXTRACTION  FEATURE SELECTION  CLASSIFIERS

APPLICATION OF IMAGE PROCESSING TECHHIQUES FOR CLASSIFICATION AND DETECTION 1
OF LUNG DISEASES USING COMPUTED TOMOGRAPHY IMAGES
IMAGE

PREPROCESSED |

~

Morphologically smoothened image

Walsh Hadamard coefficient of image

‘ PERFORMANCE MEASURE

WHT the feature selection is done by the PCA an

CFS the following classifiers are used for the
classification namely naive bayes,J48,KNN,MLP-
NN . The output screen and the various results of
illustrated

the methods are in figure 2 &3.

Fig 3: Screenshot

The following classification accuracy are obtained
for the input images.

(E) Gabor Filter Image

(F) WHT Image

Fig 2: Output Images of Various Methods

Table 1: Classification Accuracy (In Percentage)
Technique| Naive | J48 KNN | MLP-
Bayes NN
Gabor Features
PCA 55.93 67.8| 66.1| 72.88
CFS 76.27 72.88 69.49 81.36
WHT Features
PCA 59.32 64.41 57.683 61.02
CFS 71.19 72.88 61.02 77.97
100
&0 B Naive
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40 mJag
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Fig 4: Classification Accuracy (In Percentage)

The following classification accuracy are obtained

for the input images.

The classification accuracy refers to the percentag
of successful classification of the lung diseases.
The Precision is the proportion of the examples
which truly have clasx among all those which
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were classified as clags Precision (P) = tp/(tp+fp) performance measure shows that the MLP-NN
the recall is defined by Recall (R) = tp/(tp+fn)classifier produces 81.4% than the other classifier
Where tp, fp, tn and fn are true positive, falséThis works assists in detecting the lung diseases

positive, true and false

respectively.

negative

The table 2,3 represents the precision and recéﬁ
values of the lung images for the various metho%
of the feature extraction, selection techniquese Tlh
table represents the four combinations of featur(f:,
selection and the feature extraction methods. llOI
table 2 precision and recall are calculate(il/I
for the naive bayes and the J48 classifiers.

Table 2: Precision,Recall value

classifiers | KNN MLP-NN
/ Feature
selection

P R P R
Gabor 0.66 | 0.68| 0.72| 0.72
&PCA
Gabor 0.68 | 0.68| 0.8 0.81
&CFS
WHT & | 059 | 0.59| 0.64| 0.62
PCA
WHT 0.64 | 0.62| 0.79| 0.78
&CFS

adiologist
rofessor and Head, Department of Radiology Sri
anakula Vinayagar Medical college and Hospital
adagadipet for analyzing the Dicom Images
regarding the lung diseases.

negativeising image processing technique.
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