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Abstract 

Segmentation of pulmonary X-ray computed tomography (CT) images is a precursor to 

most pulmonary image analysis applications. Digital Image Processing is currently a hot 

research area in medicine and it is believed that they will receive extensive application to 

biomedical systems in the next few years. In Digital Image Processing, neural networks are 

ideal in recognizing diseases using scans since there is no need to provide a specific 

algorithm on how to identify the disease. This paper describes an algorithm to separate the 

lung tissue from a Chest CT to reduce the amount of data that needs to be analyzed. Our goal 

is to have a fully automatic algorithm for segmenting the lung tissue, and to separate the two 

lung sides as well. Fuzzy c-Means clustering is used to segment the lungs. Cleaning is 

performed to remove air, noise and airways. Finally, a sequence of morphological operations 

is used to smooth the irregular boundary. The database used for evaluation is taken from a 

radiology-teaching file. Our current evaluation shows that the applied segmentation 

algorithm works on a large number of different cases. The textural features were extracted 

from the segmented lungs and it was given as input to CFBP. The neural networks are used to 

identify the various lung diseases. 
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1. Introduction 

High-resolution X-ray computed tomography (CT) is the standard for pulmonary imaging. 

Depending on the scanner hardware, CT can provide high spatial and high temporal 

resolution, excellent contrast resolution for the pulmonary structures and surrounding 

anatomy, and the ability to gather a complete three-dimensional (3-D) volume of the human 

thorax in a single breath hold [1]. Pulmonary CT images have been used for applications such 

as lung parenchyma density analysis [15], airway analysis [3], and lung and diaphragm 

mechanics analysis [4]. A precursor to all of these quantitative analysis applications is lung 

segmentation. With the introduction of multislice spiral CT scanners, the number of 

volumetric studies of the lung is increasing and it is critical to develop fast, accurate 

algorithms that require minimal to no human interaction to identify the precise boundaries of 

the lung. A number of groups have developed techniques for computer assisted segmentation 

of pulmonary CT images [5, 15]. In [6], Manually traced boundaries were used to estimate 

regional gas and tissue volumes in the lungs of normal subjects. But manual methods are 

laborious. In an X-ray CT the natural contrast between the low-density lungs and the 

surrounding high-density chest wall can be used to guide image segmentation. In [15] 2-D 

edge tracking was used to find the boundaries of the left and right lungs. Others have used 3-

D region growing with manually specified seed points [7]. In many semi-automatic 
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approaches, some manual interaction is required to select threshold values or edit the resulting 

segmentation [15]. More recently, Brown et al. [8] provided a knowledge-based, automatic 

method to segment chest CT images. In their method, anatomic knowledge stored in a 

semantic network is used to guide low-level image processing routines.  Segmentation 

algorithms for lung CTs in the literature are mostly pixel–based methods [9, 10]. In pixel–

based methods, the first idea is to eliminate fat tissue and bones. As the lung parenchyma has 

a very low–density, it is composed of low–intensity pixels in the CT scan. This property is 

exploited to separate the two lungs from the surrounding tissue.  Many studies have revealed 

that CAD systems are effective at detecting small pulmonary nodules on CT [12-14], and the 

ultimate goal of CAD systems is the detection of lung diseases.  Armato et al. [2] reported 

that a large fraction of missed lung cancers were detected using a CAD system.  
 

2. Method 

We assume that the input data is 2-D thoracic CT, which is in JPEG format. The data set 

should include thorax from the trachea to below the diaphragm. In the CT image data, air will 

appear with a mean intensity of approximately -1000 Hounsfield units (HU), most lung tissue 

will be in the range of -910 HU to -500 HU, while the chest wall, blood and bone will be 

much more dense (above -500 HU). As shown in Figure 1, this method consists of five main 

steps: an extraction step to identify the lungs, a separation step to separate the right and left 

lungs, smoothing step to smooth the lung boundaries, feature extraction step to extract texture 

features and last step is to classify the lung diseases using Back Propagation neural network 

and Feed forward cascade neural network. 
 

 

Figure 1. System Structure 
 

2.1. Lung Extraction 

 

2.1.1. Fuzzy C-means Clustering 

Fuzzy c-means (FCM) is a method of clustering which allows one piece of data to belong 

to two or more clusters. Fuzzy partitioning is carried out through an iterative optimization of 

the objective function. This procedure converges to a local minimum. Fuzzy c-Means 

clustering is used to segment the lungs. The maximum Number of iterations specified is 100. 

The termination criterion is fixed as .00001.The pixels of the input image are divided into 2 

clusters. The first cluster includes pixels in the lungs (body pixel). The second cluster 
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includes pixels in the thoracic CT other than lungs (non-body pixel). The pixels 

corresponding to the first cluster is determined.  
 

2.1.2. Background Removal 

Rarely holes can appear near the border of the parenchyma. To fill these holes and glue 

different parts of a same lung together, a rolling ball operator is applied. Rolling ball operator 

is in fact a morphological closing of the region followed by hole filling. A hole is a set of 

background pixels that cannot be reached by filling in the background from the edge of the 

image. As the air around the body has a very similar intensity to the lungs it will not be 

discarded by the thresholding, so it has to be removed. Further steps are performed to 

improve the result. Back ground pixels are identified as follows: They are non-body pixels 

and pixels connected to the border. Thus every connected region of non-body pixel that 

touches the border is considered as background and discarded.  

 

2.2. Lung Separation 

The segmented lungs must be identified and separated. The region is simply cut vertically 

in the middle. And the resultant image is multiplied with the original image to get the right 

and left lungs. 
 

2.3. Post-Processing 

The morphological operations such as opening followed by closing are again applied after 

separating the lungs to smooth it. The morphological operations is defined by 

f * b = (f °  b ) • b 

Where  f is the target image,  

b is the structuring element,  

• means morphological closing,  

° means morphological opening The images obtained after applying disc based structuring 

element are multiplied with the original image to get the segmented lungs. 
 

 2.4. Feature Extraction 

 

 2.4.1. Covariance Features 

Auto-correlation coefficients reflect the inter-pixel correlation within an image. It is a 

Mean removed version also called Modified Auto Covariance features. Let the given image 

has size M*N. The modified auto-covariance coefficients is given by 

Where 

             

 (m, n) = 1 - (m, n) / (0,0) 

(m, n) = 1 / (M - m)(N - n)* 

 

M-1-m    N-1-n 

                (f(x,y) – mn)(f(x+m,y+n)-mn) 

   x=0       y=0 
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m = 0  ..  a 

n = 0  ..  b 

a  =  1  ..  4 

b  =  1  ..  4 
 

2.5. Classification Of Lung Diseases 

 2.5.1. Cascade Forward back propagation 

The commonest type of artificial neural network consists of three groups, or layers, of 

units: a layer of "input" units is connected to a layer of "hidden" units, which is connected to 

a layer of "output" units. The activity of the input units represents the raw information that is 

fed into the network. The activity of each hidden unit is determined by the activities of the 

input units and the weights on the connections between the input and the hidden units. The 

behavior of the output units depends on the activity of the hidden units and the weights 

between the hidden and output units. The behavior of an ANN (Artificial Neural Network) 

depends on both the weights and the input-output function (transfer function) that is specified 

for the units.  

Cascade-forward is a feed forward network with the exception that it starts with a minimal 

number of hidden layer neurans.During back propagation additional neurons are added to 

hidden layer as needed to improve classification.CFBP is just like BPN. It is also using back 

propagation algorithm for updating weights. But main symptom of this network is that each 

layer neurons closely related to all previous layer neurons. Training process towards these 

networks is iterative. When the error between desired value and predicted value became 

minimum, training process towards stability. 

 

3. Experimental Results 

The thoracic CT images [Figure 2] were downloaded from the website [10] and it is in 

JPEG format.  The iterative procedure is invoked till convergence is reached. The input to 

FCM is the intensity of all pixels in an image. The number of clusters is two. One cluster 

corresponds to body pixels and other non-body pixels. From the center point of the clusters 

the identification of cluster belongs to body pixels is done. The background pixels from a 

thresholded image [Figure 3] are removed.  

 

 

Figure 2. Input Image-Thoracic CT. 
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Figure 3. Thresholded Image 
 

Rolling ball operator is applied to remove small holes inside the lung cavity [Figure 4]. 

The background pixels are eliminated [Figure 5]. Finally the lungs are separated and 

morphological opening followed by closing is applied [Figure 6]. The ball based structuring 

element with radius 4 and height 1 is used for opening and the same structuring element with 

radius 2 and height 1 is used for closing. 
 

 

Figure 4. After Applying Rolling Ball Operator 

 

 

Figure 5. After Removing Background 
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Figure 6. (a) Separated Lungs – Left Lung 

                                                 

 

Figure 6. (b) Separated Lungs – Right Lung 
 

The separated lungs are given as input to feature extraction module. Covariance features 

for both right and left lungs are found and is averaged for each thoracic CT. The average 

feature is given as input to cascade forward back propagation neural network to classify the 

lung diseases.  The performance of the system is analyzed for various inter-pixel distances. 

The number of neurons in the input layer depends upon the number of features. The number 

of neurons in the hidden layer is two. The number of epochs used for training is 100. The 

number of training patterns is 15. The number of testing patterns is 20. The inter-pixel 

distance 3 gives more accuracy. 

 

4. Summary 

This paper shows a simple segmentation algorithm for thoracic CT images.  Several 

techniques are used for segmentation such as, Fuzzy c-Means clustering mathematical 

Morphology and connected component analysis. An evaluation of the segmentation quality 

shows good output by visual results. The segmentation algorithm proves to be simple but 

effective. The texture features are extracted from both right and left segmented lungs and it is 

given as input to CFBP. Thus CFBP is used to classify lung diseases. 
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