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Abstract-----Emphysema has large prevalence rate and remain as a healthcare challenge worldwide. Computer Aided Diagnosis (CAD) 

has become a major research interest in diagnostic radiology and medical imaging diagnostics. The basic goal of CAD is to provide a 

computer output as a second opinion to assist the technicians by reducingimage interpretationtimeand improving diagnostic accuracy. In 

this work region growing based active contour segmentation technique is attempted for extracting the lung parenchyma in the CT lung 

images in order to detect emphysema. The active contour method provides an effective way for segmentation, in which the boundaries of 

the objects are detected by evolving curves. In this work region growing output image is used as the mask for the active contour model and 

then texture features are extracted and the extracted features are classified using Extreme learning Machine classifier. Result shows that 

the automated method can detect emphysema efficiently.
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I. INTRODUCTION

Chronic Obstructive Pulmonary Disease (COPD) is one 

of the fastest growing healthcareproblem in worldwide [1]. 

Emphysema is defined as a lung condition characterized by 

the destruction of the alveolar walls leading to a loss of elastic 

tissue and an increase in compliance. Chest imaging 

technologies with computer aided analysis can be used to 

diagnose the lung diseases with high accuracy and less 

computation time. High-resolution Computed Tomography 

(CT) now provides images of airways as small as 2 mm and 

indices of parenchymal density that correlate well with 

diffusing capacity. Radiographic pattern observed from lung 

CT are often varied and subtle and that human observer does 

not usually see early abnormal lung pathology on CT Images. 

Also examining every CT slice from a patient’sCTdata set
can be time consuming. Hence a computer-aided diagnosis for 

physicians is very much essential to improve the diagnostic 

accuracy and ease of use. methods aim at recognizing and 

delineating the boundaries of objects. YasuoSekine et al [5] 

reviewed about the early detection of COPD and significant 

risk factor for the lung cancer. They concluded that CT 

imaging modality is an effective procedure for the early 

detection of lung cancer in high risk patients.

A report on emphysema distribution and annual changes 

in pulmonary function in male patients with COPD disease 

has been submitted in 2012 Respiratory research organization 

[6] [Naoya Tanabe]. 

Computer-aided diagnosis is a young interdisciplinary 

technology combining artificial intelligence and digital image 

processing with radiological image processing [4]. A CAD 

system analyzes the images in several steps like 

preprocessing, segmentation, structural or textural feature 

analysis for region of interest and evaluation or classification. 

Various segmentation techniques have been used for the 

segmentation of lung parenchyma in CT images. Manual 

cropping, semi-automatic and automatic segmentation 

techniques have been proposed.

A method has been proposed for quantification of 

pulmonary emphysema from lung CT image using texture 

based adaptive multiple feature method by Uppalapuri . 

Quantitative texture analysis using adaptive multiple features 

holds promise for the objective noninvasive evaluation of 

pulmonary parenchyma. 

Khairulmuzzamin et al [7] proposed a method for 

diagnosis of emphysema on lung CT images by segmenting 

the emphysema tissues by threshold based method.
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Baidya et al [8] proposed a method for detecting multiple 

objects by using quad tree based approximate segmentation 

and modified Adaboost algorithm. Saha et al proposed a snake 

validation scheme using PCA. Their method places seeds on 

the entire image and evolve one snake from each seed. 

A distance regularized level set evolution for the 

segmentation of level set methods has been used by 

Chunming Li. Seokyoon Choi and Changsoo Kim [9] 

proposed automatic initialization of active contour model for 

the segmentation of chest wall in CT image using mean shape 

GVF.

Chunming Li [10] proposed an automatically initializing 

and splitting of snakes for the segmentation using Edge 

preserving GVF.VeronicaVasconcelos et al [11] compared the 

various Statistical Textural Features for Classification of Lung 

Emphysema in CT Images.

In this work region growing based active contour 

segmentation technique is attempted for extracting the lung 

parenchyma in the CT lung images in order to detect 

emphysema. The active contour method provides an effective 

way for segmentation, in which the boundaries of the objects 

are detected by evolving curves. In this work region growing 

output image is used as the mask for the active contour 

model.By using this method number of iterations to detect the 

boundary line can be reduced, hence the energy required for 

the active contour model can be minimized. The texture 

features are extracted for the segmented lung parenchyma and 

the features are given to train and test the classifier to 

differentiate normal and abnormal subjects

II. METHODOLOGY

The images used for detection of lung disease are 

collected from the Computed Tomography Emphysema 

Database. The data comes from a study group comprising 39 

subjects (9 never-smokers, 10 smokers, and 10 smokers with 

COPD) that were all CT scanned CT image [28].

CT lung image is preprocessed using the histogram based 

threshold method and the preprocessed image is segmented by 

automatic region growing segmentation. The resultant image 

obtained from the RG algorithm is given as the mask input to 

the Active Contour algorithm to detect the boundaries of the 

lung parenchyma by the evolving snakes.MATLAB is used as 

the software for the implementation of this paper.

Fig 1. Flow Diagram

A.Region Growing:

Region growing is a simple pixel basedimage 

segmentation method,it involves the selection of initial seed 

points.This approach to segmentation examines neighboring 

pixels of initial seed points and determines whether the pixel 

neighbors should be added to the region based on the selection 

rules [16].

I. If the intensity I is greater/lower than a certain 

threshold, the pixel is included in the growing region.

II. The intensities of  the pixel and its neighbors are 

averaged; if the average  is greater/lower than the 

threshold , the pixel is included in the growing region

The main problem of a RG algorithm relies in the 

selection of a proper seed point, which is usually done by 

hand. As our aim is the implementation of an automated CAD 

system, the seed point could be automatically selected.

INPUT CT IMAGE

PREPROCESSING

AUTOMATIC REGIONGROWING

ACTIVE CONTOURMODEL

FEATURE EXTRACTION

CLASSIFICATION
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(i)Preprocessing:

First the given input image is preprocessed 

based binary image conversion method [16].

 The CT gray-tone histogram is divided int

with equal number of bins and the mean 

bins in the two regions are computed;

 The previously computed mean values are

the bin having the intensity nearest to the

selected as the threshold to divide the histo

 The routine is iterated until the threshold

change anymore.

By the application of preprocessing the 

vascular tree regions are eliminated.

Fig 2.Automatic region growing Flow 

(ii)Automatic seed selection:

The preprocessed image is divided int

halves in order to select seed points. The cen

selected from the two halves as seed points a

points are used to segment right and left

individually. If the center point is equalto‘0’theco
values of the center point will be taken as seed 

neighboring pixel which has the zero value wi

the seed point. 
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B.Active Contour Model:

Active contour methods for image

contour to deformiteratively so as to p

regions corresponding to thescene 

image.Detecting and locating curves co

boundaries in an image is vital in se

these boundary detectors to iteratively

final solution is the underlying principl

These boundaries are represented a

undergo numerous shrinkage or expan

on an energy minimizing function [12]

A contour is a parameterized curv

and minimizing an energy functional w

entire contour is the mathematical probl

Snakes, Intelligent Scissors an

types of the active contour technique. 

uses an energy-minimizing 2D splin

towards features such as strong edges

pixel-intensity change. While, the 

technique allows for real-time curve s

boundaries by computing a least cost 

points of the image. It optimizes the 

better curve depicting high-contrast e

technique is based on representing a

function, where the zero set of the c

corresponds to the actual contou

incorporating region-based statistics an

change of the contours, an importantpro

tackled by the former two techniques [1

The primary drawback of lev

they are slow tocompute. In their

computations are required to maint

changes. This has led to proposals

bandalgorithms that reduce the comput

only performing calculations near the

sparse field method (SFM) is one o

algorithms tomaintain a minimal, but a

of Φ. Using the SFM candrastically red

for levelsetmethods[22].
In this paper, a binary imag

region growing is taken as the label m

image have values 0 and 1 where 1’s represent foreground
pixels,and0’srepresentbackgroundpixels.

Once the label have been init

may be deformed in order to minimiz
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energy. One of the active contour energy calle

energy is given by

E=∫ (� − ��)��� ����� +∫�! �����
which has the corresponding evolution equation

F=(� − ��)�-(� − ��)�
F has been computed along the zero level set an

such that |F| < 0.5 at each iteration.

When computing the movementof the 

often desirable to track when a point crosses the

thus changing from an interior point to an ext

viceversa. 

This can be accomplishedbycheckingthesignofΦ
before andafter adding F to the value of Φ for 

zero level set.

Fig 3 Active contour model flow diagr

C. Feature extraction:

Co-occurrence matrix captures numerica

texture using spatial relations of similar gray ton

features computed from the co-occurrence matri

to represent, compare, and classify textures . In 
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 diagram
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 matrix can be used 

. In this approach 

five Haralick features are computed 

formulas [11].

Energy is the sum of squared element

matrix.

Ene

Entropy is a statistical measure of ran

used to characterize the texture of the in

Entropy=∑ ∑�
Contrast returns a measure of the intensi

pixel and its neighbor over the whole im

Contrast=
�(��

Homogeneity returns a value that measu

the distribution of elements in the    co

the co-occurrence matrix diagonal.

Homogeneity=

Correlation returns a measure of how co

its neighbor over the whole image.

Correlation=
�#%#& ∑ ∑��

D. Extreme learning machine classifier

A new learning algorithm for Single

Forward Networks (SLFNs), called

Machine (ELM). Traditional Artific

(ANNs) approaches, such as BP alg

difficulties in manually tuning control 

can avoid such issues and reaches good

and learning speed of ELM is extreme

that ELM randomly chooses the input w

SLFNs instead of tuning [27].

Fig 4.ELM architecture

In ELM, the input weights and hidden

generated instead of being tuned. Henc

has been converted to a linear system:
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Energy=∑ ∑ {�(�, �)�}�� (6)

of randomness that can be 

 the input image.∑ {�(�, �) log� �(�, �)}� (7)

intensity contrast between a 
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measures the closeness of 

    co-occurrence matrix to 
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ow correlated a pixel is to (�, �)�(�, �) − �!�"� (10)

fier:

Single Hidden Layer Feed-

called Extreme Learning 

rtificial Neural Networks 

P algorithms, usually face 

ontrol parameters, but ELM 

 good solutions analytically, 

xtremely fast. The reason is 

nput weights and bias of the 

hidden biases are randomly 

 Hence the nonlinear system 

Hβ=T (11)                   
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where H is the hidden-layeroutputmatrix,β is thematrixof
output weights, T is the matrix of targets. Different basis 

functions of ELM which include sigmoid, sine, hard limit, 

triangular basis and radial basis functions are considered.

III. RESULTS AND DISCUSSION

The typical normal and emphysema lung images are shown in 

Fig 5(a) and 5(b)

(a)   (b)

Fig 5.Typical lung  images (a) Normal (b)Abnormal

For the histogram based preprocessing procedure 133 and 

163 are obtained as the optimal threshold value for the normal 

and abnormal images respectively. By using this threshold value  

the muscle and fat tissues are removed from the CT lung 

images. Preprocessed image output is shown in fig 6.

(a)                (b)

Fig 6. Preprocessed Image (a)Normal (b)Abnormal

The preprocessed image is automatically segmented by using 

region growing algorithm. The output obtained from the 

region growing algorithm is shown in fig 7 and the 

postprocessed output is shown in fig 8 .

Table 1.Statistical Analysis of features

(a) (b)   

Fig 7. Region growing output(a)Normal (b)Abnormal

(a)                                     (b)

Fig 8.Postprocessed output used as the mask (a)Normal 

(b)Abnormal

The post-processed image is saved as the mat file and 

this mat file is used as the mask , which specifies the 

backgroundpixelsby ‘0’and foregroundpixelsby ‘1’.The
final Active contour image output shows the boundaries of 

the lung parenchyma as shown in fig 9.

(a) (b)

Fig 9.Active contour model output (a)Normal (b)Abnormal

The Haralick features are extracted for the region of interest. 

The mean and standard deviation of features extracted are 

presented in Table 1.

FEATURE
Mean±Standarddeviation

NORMAL ABNORMAL

Auto 

correlation
0.97±0.02 0.90±0.03

Contrast 0.60±0.19 0.68±0.19
Energy 0.95±0.06 0.90±0.06
Entropy 0.81±0.10 0.73±0.09

Homogeneity 0.993±0.004 0.920±0.004



www.ijraset.com Vol. 2 Issue V, May 2014

ISSN: 2321-9653

I N T E R N A T I O N A L J O U R N A L F O R R E S E A R C H I N A P P L I E D S C I E N C E

AN D E N G I N E E R I N G T E C H N O L O G Y (I J R A S E T)

Page 6

The difference in values for normal and abnormal values 

could be used for classification. The difference between 

normal and abnormal images is presented as a graph in Fig 10

Fig 10. Graphical representation of normal and abnormal 

image features

The performance of classifier is given in Table 2. 

The overall accuracy achieved in ELM classifier for the sine 

activation function and 20 hidden neurons is 96.67%.

Table 2. Classifier Performance

ELM 

ACTIVATION FUNCTION
ACCURACY

(%)

Sine function 96.67

Sigmoid function 90

Radial basis function 93.3

Triangular basis function 96.6

Hard limit function 66.67

IV. CONCLUSION

CT imaging technology is used as the technique to 

detect COPD, by automating the evaluation CT images the 

accuracy can be improved and time consumption can be 

reduced. In this work, lung parenchyma is segmented using 

region growing based Active contour model and features are 

extracted. The features are subjected to Classification using 

ELM. The result shows that this automated analysis is able to 

detect Emphysema. Hence this approach can be efficiently 

used in medical imaging field to assist the technicians for 

disease quantification.

REFERENCES

[1] Global Initiative for Chronic Obstructive Pulmonary 

Disease. Global strategy for the diagnosis, management, and 

prevention of chronic obstructive pulmonary 

disease.Available at:http://www.goldcopd.com.

[2] Decramer M, Janssens W, Miravitlles M (April 2012). 

"Chronic obstructive pulmonary disease". Lancet 379 (9823): 

1341–51. doi:10.1016/S0140-6736(11)60968-9. PMID 

22314182.

[3]Vestbo,Jørgen(2013)."DefinitionandOverview".Global
Strategy for the Diagnosis, Management, and Prevention of 

Chronic Obstructive Pulmonary Disease.Global Initiative for 

Chronic Obstructive Lung Disease. pp. 1–7.

[4]KangKW,ChangHJ,ShimH“Feasibilityofanautomatic
computer assisted algorithm for the detection of significant 

coronary artery in patients presentingwith acute chest pain”
Eur J Radiol, 81(4):e 640-6,2012

[5] YasuoSekine, Hideki Katsura, EitetsuKoh, Kenzo 

Hiroshima andTakehiko Fujisawa “Early detection ofCOPD
is important for

lungcancersurveillance”EuropianRespiratory Journal 2012

[6]NaoyaTanabe,ShigeoMuro,ShiroTanaka“Emphysema
distribution and annual changes in pulmonary function in male 

patients with chronic obstructive pulmonary disease”
Respiratory Research 2012

[7] KhairulMuzzammil Bin Saipullah, Deok-Hwan Kim, 

NurulAtiqah Ismail “Accelerating Emphysema Diagnosis on
Lung CT Images Using Emphysema Pre-DetectionMethod”
Journal of Theoretical and Applied Information Technology 

10th January 2013. Vol. 47 

[8] BaidyaNathSaha, Nilanjan Ray and Hong Zhang 

“Automatingsnakesformultipleobjectsdetection“
[9] Chunming Li, ChenyangXu ,ChangfengGui, and Martin D. 

Fox “Distance Regularized Level Set Evolution and Its
Application to Image Segmentation” IEEE transactions on
image processing, vol. 19, no. 12, december 2010

[10] ChunmingLi ,Jundong Liu, and Martin D. Fox “
Segmentation of Edge Preserving Gradient Vector Flow: An 

Approach Toward Automatically Initializing and Splitting of 

Snakes”Proceedingsofthe2005IEEECVPR’05
[11]VerónicaVasconcelos et al ‘Statistical Textural Features 

for Classification of Lung Emphysema in CT Images:A 

comparativestudy’
[12]SeokyoonChoi,ChangsooKim“AutomaticInitialization
Active Contour Model for the Segmentation of the Chest Wall 

onChestCT”Healthc InformRes. 2010 March;16(1):36-45. 

doi: 10.4258/hir.2010.16.1.36

0

0.2

0.4

0.6

0.8

1

1.2

normal abnormal



www.ijraset.com Vol. 2 Issue V, May 2014

ISSN: 2321-9653

I N T E R N A T I O N A L J O U R N A L F O R R E S E A R C H I N A P P L I E D S C I E N C E

AN D E N G I N E E R I N G T E C H N O L O G Y (I J R A S E T)

Page 7

[13]LaugeSørensen,SaherB.Shaker,andMarleendeBruijne
“Texture Classification in Lung CT Using Local Binary
Patterns”Springer-Verlag Berlin Heidelberg 2008

[14] Renukauppaluri, Theophanomitsa, Milan sonka, Eric a. 

Hoffman and Geoffrey Mclennan “Quantification of
Pulmonary Emphysema from Lung Computed Tomography 

Images”Am JRespirCrit CareMedVol. 156. pp. 248–254, 

1997

[15] Ingrid Sluimer, Mathias Prokop, and Bram van 

Ginneken, “Toward Automated Segmentation of the 

Pathological Lung in CT”. IEEE transactions on medical
imaging, vol. 24, no. 8, august 2005

[16]Bellotti.R et al ‘ACAD system for nodule detection in
low-dose lung CTs based on region growing and a new active 

contourmodel’Med.Phys.34 December 2007

[17] Gargano. G, et al “A novel Active Contour Model
algorithm for contour detection in complex objects,” in
Proceedings of the 2007 IEEE International Conference on 

Computational Intelligence for Measurement Systems and 

Applications’June2007

[18] Tao Xu, “Gradient Vector Flow based Active Shape
Model for Lung Field Segmentation in Chest Radiographs”
31st Annual International Conference of the IEEE EMBS

[19]Baswaraj.D“ActiveContoursandImageSegmentation:
The Current State of the Art” Global Journal of Computer 

Science and Technology Graphics & Vision

[20] Nguyen, T.; Cai, J.; Zhang, J.; Zheng, J.; , "Robust 

Interactive Image Segmentation Using Convex Active 

Contour," Image Processing, IEEE Transactions on , vol.PP, 

no.99, pp.1; doi:10.1109/TIP.2012.2191566

[21] Paragios .N, O. Mellina-Gottardo, and V. 

Ramesh,“Gradientvectorflowfastgeodesicactivecontours,”
in Proc. of IEEE International Conference on Computer 

Vision, 2001.

[22] Young.D, “Active contour models  (snakes).”
http://www.cogs.susx.ac.uk/users/davidy/teachvision/vision7.

html, March 1995

[23] Jehan-Besson.S, M. Barlaud, and G. Aubert,“Region-

based active contours using geometrical and statistical 

features for image segmentation,” in Proc. of IEEE
International Conference on Image Processing, pp. 643–646, 

2003

[24] Tony F. Chan, “ActiveContoursWithoutEdges” IEEE
transactions on image processing, vol. 10, no. 2, february 

2001

[25] JulienMille“Narrowband region-based active contours 

and surfaces for 2D and 3D segmentation Computer Vision 

andImageUnderstanding”May18,2009

[26] Liu N, Wang, H (2010) ‘Ensemble based extreme
learningmachine’.IEEESignalProc.Let,Vol.17,No.8,754-
757

[27] Huang G.-B, Zhou H, Ding X, Zhang R et al. (2012) 

‘Extreme learning machine for regression and multiclass 

classification’. IEEETrans. Syst.ManCyber. PartB:Cyber
42: (2) 513–529

[28] Sørensen.L , S. B. Shaker, and M. de Bruijne,
“QuantitativeAnalysisofPulmonaryEmphysemausingLocal
Binary Patterns”, IEEE Transactions on Medical Imaging 

29(2): 559-569, 2010.



 


