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ARTICLE INFO ABSTRACT
Article history: The world major global health threat is TubercidddiB). Cough, getting fever, losir
Received 10 December 2015 weight, night sweats are the symptoms of TB. TBaias one of the world’s maj
Accepted 28 January 2016 health concerns. The estimation of TB 8.7 milliord d.4 million. Majority of the TE
Available online 10 February 2016 burden is located in Africa, Asian countries. Softevdechniques have trigger
attempts to develop Computer Aided Detection (CAfBtems for TBMedical Radio
Keywords: graphics ImageMRI) is taken as an input image and extract theregart using
Tuberculosis, Chest Radio graphics, Active ShapeModel (ASM). Gaussian noise is removed using n@allonedian filter
Feature, Extraction, Segmentation Lung parameters like shape and texture are exttacimg Gray Level C-occurrence
Technique Matrix (GLCM). Extracted image parameters are camgawith normal perso
parameter value. Watersheffjorithm and threshold algorithm is applied fonatmal
lungs.
INTRODUCTION

TB is increasingly concentrated in subgroups of gopulation Ban Ginneken B., and A.F. Frangi, .
Staal, 2002). Mjor public health problem in Incis TB. Between 2009 and 2012 11% cereported and now
accounts for 45% afases reported in Engle (Bogeweg, L. and M. Proko, 2008Jhe majority people has T
in India over 220inked cases ha' disproportionately involved problemdmong these grou; Drug users,
prisoners and the homeless highlightweak control. Tube&ulosis treatment is based detection in early
stagesand ensuring patients compl or 6 months of regular treatmeBogeweg, L. and M. Proko, 20).

Treatment is not given to ttpatientcan lead to increased disedsansmission, the development of di
resistance and relapsealdr barrie is a poor adherence to successful treatmeanyhcountries this has led
Directly Observed Therapy (DOT) becoming the acegstandard (care for TB Cerlman, P.C et al., 2009).
When dealing with a human [iféB in different medical images is motivated automated classification ar
detection othe necessity of high accura

A. Digital image processing:

The possible techniques aranipulating data in the form of image De Boo, M. et al., 2010). Digitally
process is to minimize imagand pixel valuesicture element, or pixel is known agch number representil
brightness value of the imagat a particular locatio(De Boo, M.,et al., 2010). Dgitized image may hav
512x512 or roughly 250,0Qfixels although much larger images are becomingneor (De Boo, M.,; Gao, M.,
M. Liu, 2010).There are three basic operations that can be peetbon it in the computeince the image has
been digitized. A pixel valuéor a point operatic in the output image depends on a single pixel valuthe
input image Gao, M., M. Liu, 201). Image is enhanced and modified sa tha information ilcontains more
clearly evident, and enhanceménclude making the image more visually appealiNoise smoothing is an
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example (Gao, M., M. Liu, 2010). Median filteringrc be used to smooth a noisy image, applied w3
pixel window. The value of every pixel in the noisyage is recorded, along with the values of iarast eight
neighbour’s values (Gao, M., M. Liu, 2010). New geain the pixel these nine numbers are then ordered
according to size and the median is selected asv#ige. To smooth a noisy image, one to smooth
a noisy image, pixel at a time across the noisygenghe filtered image is formed

B. Medical image:

Medical imaging is mainly used in invention anadyand tumor issue technique (Joppini, &al., 2011).
Internal structures hidden medical imaging seekseteal the skin and bones as well as to diagnose a
treat disease. Medical imaging is mainly used inlica imaging and other technique (Joppini, &al., 2011).
Nuclear Magnetic Resonance (NMR) imaging is mairdgd detect the stages of TB and using the tissugs
other producing a detectable signal and encodadtires in images of the human body (Joppini, &.al.,
2011).

The MRI machine emits resonant frequency of therdniyeln atoms on water molecules Radio Frequency
(RF) pulse. Medical imaging and pixel value is oftperceived to designate the set of techniques that
noninvasively produce images of the internal aspédhe body (Joppini, Get al., 2011; Loodringet al.,
2012). Medical imaging can be seen as the solutibmathematical inverse problems. This causes the
properties of living tissue is inferred from effatie observed signal (Loodringt al., 2012). Segmentation
technique is based on the features extraction peteamalues and normal abnormal values. Implementaif
image acquisitionra diography is used in thedical imaging research area such as biomedicaheering
computer science and medical physics. TB diseasé can also be investigated other medicahging
diagnosis (Loodringgt al., 2012). The subject of CXR screening and radiogcafite objective of the
present to check the sensitivity and spetjficof symptom and to detect. This means thaise the
properties of living tissue and inferred from efféte observed signal.

C. Block diagram of proposed system:
The proposed block diagram consists of lung segatient feature extraction, pre-processing, sintiari
measurements, watershed algorithm and threshadditon. The proposed block diagram shown in Fig. 1
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Fig. 1: Block diagram of the proposed system

Test images are taken as an input image. Lungipaggmented using active shape model ASM method.
Pre-processing done in the desired part of the iomage using non local median filter. Lung featusse
contrast, correlation, energy, homogeneity, entregracted using GLCM gray level co-occurrence iratr
Normal person image is taken and extract the featalone. Bot the features parameter values arpar@ch in
the similarity measurements. If the lung imagedsmal, segmentation is not required and the lurabisormal,
segmentation technique is applied. Watershed dhgorand threshold algorithm are applied to abnoronady
images to get accuracy TB affected area.

I1. Lung Segmentation:

Lung segmentation is modelled as an optimizationblem that takes properties of lung bourefari
regions, and shapes features extraction into ac¢Qaeger, A.gt al., 2013). Segmentation in medical images
has to cope with poor contrast, energy adipis noise due to anatomical shape variatiors lzardware
constraints (Watsuragawa, Et al., 2014). Lung segmentation is segmenting the llefy and right lung
separately and using clavicle segmentation border glone segmented. They therefore incorporateng |
model that represents the average lung shape extsdltraining masks (Leung, A, al., 1992). The regional
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all training masks are linearly aligned togaven input CXR then the vertical and honitad intensity
projections of the histogram equalized imagescaraputed Segmentation method with active contoodeh
based on features extraction of shape and CT vsldeveloped and it shows satisfactory resultgy isrshown
in Fig 2

Fig. 2: Segmentation Lung

A. Region of Interest:

Region of Interest (Rol) is a selected subset ofpdas within dataset identified for other needgipalar
purpose. The concept of a Rol is commonly used amymapplication areas and medical applications ifgeu
A., etal., 1992). In medical imaging the boundaries of arii®y be defined on an image or in a volume for the
purpose of measuring texture and shape. In Geoigadghformation Systems (GIS) Rol can be takésrdilly
and polygonal selection from a 2-Dimensional (2Dgpnother values. In optical character recognitiod a
computer vision the Rol defines the borders argesadf object under consideration (Leung, e\ al., 1992).

In many applications, symbolic textual labels aredéscribe its content in a compact manner addedRol
(Leung, A.etal., 1992).

B. Active Shape Model:

ASM is the most popular segmentation methadoray the other segmentation methods used in
internal parameters and parameter values (PerlDa®, et al., 1997). The ASM segmentation method is
introduced by Cooteseal emphasized the free npsas (Perlman, D.Cet al., 1997). The ASM scheme
includes three elements model for the global sisgpech algorithm for multi-resolution, model foe local
multi-resolution appearance (Perlman, D&.al., 1997; Woodring, Jet al., 1986). AAM has applied in the
medial image segmentation and other methods. Comtodels describe the boundaries of shapes in agem
pixel values. To solve problems snakes in particata designed where the approximate shape ofdhedary
is known (Woodring, Jet al., 1986).

Il. Features Extraction:

Feature extraction provides certain parametersbasis of which computer system takes decision other
tasks (de Boo, D.Wet al., 2009). After the segmentation is performed amgluegion, the features can be
obtained from it and the diagnosis rule designed Itimgs (de Boo, D.Wgt al., 2009). Feature which are
calculated from the image, convey some informategarding lung nodule. This information is verygfal in
detecting lung nodule as normal stages malignanbofmalignant (de Boo, D.Wet al., 2009; Ishida, Tet al.,
1997). The features extracted from the X-ray imegye be used as starts from an initial set of measdata and
builds derived values diagnostic indicators imagecessing feature extraction features intended ¢o b
informative, non redundant facilitating the subsatgjuearning and generalization stages in somesdaséing
to better human interpretations (Ishida,ef al., 1997). Feature extraction is related to dimemity reduction
other solving problems. The input data to an atbariis an large to be processed and it is suspéataa image
redundant (Ishida, Tst al., 1997). The same measurement in both feet andrseir the repetitiveness of
images presented as pixels values then transfommec reduced set of features also named a feataetor.
This process is called feature extraction and testQvan Ginneken, Betf al., 2002). The extracted features are
expected to contain the relevant information fréwa input data and desired task can be performedimg this
representation reduction instead of the compleigalimdata (van Ginneken, Begt al., 2002). To imitate
radiologist which make visual examination taxtural feature and shape of thoracic X-raygesato make
diagnosis exploited textural features calculatedcdoynputer to be used as descriptor classifyirages normal
or abnormal (van Ginneken, Bt al., 2002). Statistical feature of imagehistogramssied by calculating some
features includes shape, mean correlation, enesgnrentropy, homogeneity.

e Contrast

e Correlation
 Energy
 Homogeneity
* Entropy

Lung features are extracted entropy, correlatiorergy, homogeneity, contrast this are the mairufeat
are extracted using gray level co-accuracy matiixf®) (van Ginneken, B.gt al., 2002). This causes the
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properties of living tissue is inferred from effdbe observed signal. This means that cause theegres of
living tissues.

A. Contrast:

Contrast is based on the matrix value and brigktreéshe image. It returns a measure of the intgnsi
contrast between a pixel and its neighbour pix&ieaf an image (van Ginneken, Bt al., 2009). Contrast is 0
for a pixel image. Formula for contrast is givetoleno of columns and no of rows denoted.

Z Z(I—J) o)

i=1 j=1 (1)
Where x coordinate is ‘i’ is and’ j’ is y coordirabf the pixel. Pixel value at that location (i, j)

B. Correlation:

Correlation measures the pixel values and pixet palue and other contrast technique. Correlation
measurement is based on pixel value and threstadice \of image (van Ginneken, B, al., 2009). Range is
starts from 1 to -1. High correlation values clésel imply and O linear relationship between thayglevels
matrix pixels pairs. GLCM correlation is uncorreldtwith gray Level Co-occurrence Matrix (GLCM) egyeto
pixel pair repetitions and coefficient matrix. Galation reaches it maximum value regardless of | giegr
occurrence, as high correlation can be measurkdréit low or high in Correlation is starts fronod. -1 for a
perfectly positively or negatively correlated ima@orrelation is null for a constant imageas wélleo images.
(van Ginneken, Bet al., 2009).

(i-m, )i -m,) pij
i=1 j=1 o-ro-c

()

C. Energy:

Energy provides the sum of squared elements iGIHEM. Energy is mainly depends on random number
uniformity and the angular second moment. Retunassum of squared elements in the GLCM is complar (
Ginneken, B.gt al., 2009). Its range is from 0 to 1. Energy is 1daronstant image and O for other images (van
Ginneken, B.gt al., 2009). This cause the properties of living tes&iinferred from effect the observed signal
and other pixel images.

Kk
Z Z p; 3)
i=1  j=1

D. Homogeneity:

It returns the value that measures the closenetbedfistribution and elements in the GLCM to tHeG™M
diagonal pixel values. The ranges are starts froim D. Homogeneity is 1 for a diagonal GLCM matfian
Ginneken, B.gt al., 2009). It is a single measure of the attribdte sample (van Ginneken, Bt,al., 2009).

k k pu
Zl 214_"_” (4)

It is calculated by applying a function statistie#dorithm and other pixel values of the itemshe& sample
and known together as a set of data M values.

E. Entropy:
Measures the randomness of a gray-level distribuioentropy. If the gray levels are the entropy is
expected to be distributed randomly throughoutitege (van Ginneken, Bgt al., 2009).

k
Z Pj; log, Pjj (%)
i=1 J =1
Table I: Features parameter

FEATURES IMAGE 1 IMAGE 2 IMAGE 3

Entropy -0.6928 -0.6906 -0.6899

Correlation 0.9999 0.9996 0.9995

Energy 0.9994 0.9958 0.9945

Contrast 1.4971e-004 7.147e-004 9.6102e-004

Homogeneity 0.9998 0.9996 0.9996
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value representation instead of the complete Initéda. Texture related features like average dgagl,
standard deviation, smoothness, third moment umityr and entropy are estimated using GLCM (van
Ginneken, B.gt al., 2002). This parameter is also called ASM. Energasures textual uniformity pixel pairs
repetitions, when the image patch under consideras homogenous or texturally uniform, a few elataeof
GLCM will be greater than 0 and close to 1 whilenjpm@&lements will be close to 0 (van Ginneken,éBal.,
2002). In this case energy reaches values to itsnmen, equal to 1.Entropy values and other areutaied
using gray level matrix. This result means thatrgpés strongly uncorrelated to first order statek variables
such as contrast and variance (van GinnekenetRil,, 2002). Energy will be reaching the high peakueal
The parameter of the different image features efita values given Features parameter values féereit
images

F. GLCM:

GLCM based texture feature extraction has beenidered as the powerful technique and still now has
been used in many applications of remote sensingefdure analysis (Arzhaeva, Y&, al., 2007). Gray level
matrix has pixel value representation and othetufea extraction (Arzhaeva, Yet al., 2007). Gray level
matrix based on 14 features extraction contrastetadion, entropy, energy (Arzhaeva, #.al., 2007).

1V. Segmentation Technique:

Segmentation technique has been used for the abhtrngs (Kao, E.-Fet al., 2011). The water is falls
into an image for gradient representation. Watetshébased on water drop into the basin and spreé&c@®,
E.-F.,et al., 2011). Different technical are there definitiarfsa watershed. Watershed algorithm is based ®n th
threshold values (Kao, E.-Fet al., 2011; Coppini, G.¢t al., 2013). This algorithm is based on the continuous
domain. Different algorithms are used in watersimethod to segment the image and medical application

A. Watershed Method:

Three methods are there to implement watersheditlgo Gradient method marker controlled approach
discrete Transform (DT) approach. DT approach d tsed commonly in conjunction with the watershed
transform for segmentation is the distance tramsfofCoppini, G.gt al., 2013). It is the distance from every
pixel to the nearest nonzero-valued pixel. Localima of the gradient of the image may be chosanakers,
in this case an over-segmentation is produced asdcand step involves region merging. When watershe
algorithm is applied to the input image affectedaars shown in the different colour and percentiag25%
green and blue 50% red and 75% is sky blue. Biitange can be converted to a gray level image aher ot
images, which is suitable for watershed segmemtatiging different discrete transform (Coppini, &.4al.,
2013). DT functions produce different effects. Saltl pepper noise is removed over segmentatiorckB)d
has higher possibility of over segmentation for teenponents in the image (Coppini, @ ,al., 2013). The
reason is that city block DT propagates to the mgagirhood in the shape of diamond which is suitdbte
watershed segmentation and other technique usffeyeatit DT (Coppini, G.gt al., 2013). Different discrete
transform is used in different technique. Eucliddai has a higher possibility of salt and pepperrove
segmentation. DT has a higher possibility of owgrsentation for the components in the image (Cop@in et
al., 2013). The main reason to choose the watersledioah is it spited into all the parts.

D. Threshold Method:

Thresholding pixels are divided into three partgesdand boundaries in the medical images (Katswaga
S. and K. Doi, 2007). Pixels with values less th2B8 have been placed in one category, and thénasstbeen
placed in the other category (Katsuragawa, S. and&, 2007). The original image boundaries between
adjacent pixels in different categories has begresmposed in white (Katsuragawa, S. and K. DoR70
Threshold method has successfully segmented imadelhe two predominant fibres types (Katsuragawa, S
and K. Doi, 2007). The main reason to believe thatbackground and object occupy comparable aretd®i
image, a good initial value for Tis the averggay level (Coppini, Gstal., 2013)

RESULTS AND DISCUSSIONS

In this chapter the output for feature extractienhiniques such as contrast, correlation, enerdgyommn
homogeneity the output for lung regional mask amel dutput for shape analysis and parameter valees a
shown. Simulation was performed using MATLAB softeiaThe input image of a person is shown. The given
input image is converted into gray scale imagdrfage segmentation and it is shown in Fig.3



328 M.Abisha and Dr.T.Sasilatha, 2016

Australian Journal of Basic and Applied Sciences,d(1) January 2016, Pages: 323-331

o - -

IMAGE 1 IMAGE 2 IMAGE 3
- - el

‘l 1Y 1

IMAGE 4 IMAGE 5 INGE 6
- ; — p— ——

- ot

L b \ J

IMAGE 7 IMAGE 8 IMAGE 9
Fig. 3: Input images (after, JRSET database)

GLCM is a histogram of co-occurring grey scale ealat a given offset over an image. In this example
samples of two different textures are extracteanfran image. grassy areas and sky areas. For e&dh pa
a GLCM with a horizontal offset of 5 is comput&the number of gray levels in the image determinessike.

Lung regional Mask Lung regional Mask

A

Segmented Image

1

Image edges detected using canny edge detectonshdhe fig.6

nnnnnnnnn dge Detect

Fig. 4: Segmented images

Fig. 5: Lung regional mask

Fig. 6: Canny Edge Detector
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If the Lung is in a normal stage then theredsiaed for the segmentation the output of the ragsskox
will be displayed as shown in Fig.7

TR

MORMaL

o]

Fig. 7: Message box shows normal

The parameter value matches with normal persoresdts normal stage message box shown as in th& Fig

B Help Dialog

Segmentation no need

o]

Fig. 8: Segmentaion no need

Segmentation technique is applied for abnormal esamnd the result of the threshold segmentatiogesa
is shown in the same colour shown as in Fig.9

IMAGE 1 IMAGE 2

Fig. 9: Result of threshold Algorithm
Watershed segmentation is applied for the abnoimedes shown as in Fig.10

|

| \ﬂf |

IMAGE1 IMAGE 2
Fig. 10: Result of watershed algorithm

Lung image is abnormal stage message box showsattvarmal shown as in the Fig.11
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B Error Dialog lﬂl ' ﬂh,l

6. ABNORMAL

L )

Fig. 11: Abnormal lung

Conclusion:

In the existing method has three segmentation pea=e In local features computation local charesties
of each pixel in the image were computed. Lung ssgation is required to limit the analysis to tlegion
inside the lung fields. Clavicle method, supervipéak| classifiers were constructed to segmenitexior, the
head and the border of the clavicle. Drawback es¢hmethod is difficult to get accurate result @nd not
optimal for all kind of images. It also limits désaabout various directional edge pattern.

In the proposed method TB has been analysed usirmeter values of normal and abnormal person.
Watershed and threshold algorithm are used for sating abnormal lungs. Comparing both the algorithen
watershed algorithm has better accuracy and theffegted area is shown in different colour. In fetmeural
classifier has been used for the classificatioM®iSVM will be used to classify the stage of TBlimg that is
benign, malignant or normal.
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