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Abstract: Lung cancer is considered to be as the main cause of 
cancer death worldwide, and it is difficult to detect in its early 
stages because symptoms appear only at advanced stages causing 
the mortality rate to be the highest among all other types of 
cancer. It is a challenging problem to detect the lung cancer in its 
early stage, due to the structure of the cancer cells. This paper 
presents three segmentation methods Fuzzy C-Mean (FCM), 
Expectation Maximization (EM), Region Gradient Growing 
(RGG) for segmenting the sputum images in its early stages. This 
segmentation result will be used as a base for a Computer Aided 
Diagnosis (CAD) system for early diagnosis of lung cancer which 
will improve the chances of survival of the patient. The segmented 
image is classified using Support Vector Machine (SVM) 
algorithm. 

Keywords: Fuzzy C-Mean (FCM), Expectation Maximization 
(EM), Region Gradient Growing (RGG), Support Vector Machine 
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I. INTRODUCTION 

More people die because of lung cancer than any other types 
of cancer such as: prostate cancers, colon and breast cancers. 
There is significant evidence indicating that mortality rate 
can be decreased by early detection of lung cancer. 
According to the latest statistics provided by WHO(world 
health organization) has recently estimated that around 7.6 
million deaths worldwide each year occurred because of this 
type of cancer. Furthermore, it has been expected that 
mortality due to cancer will continue rising becoming around 
17 million worldwide in 2030 [1].  

II. PREVIOUS WORK 

There are many techniques to diagnosis lung cancer, such as 
Chest Radiograph (x-ray), Computed Tomography (CT), 
Magnetic Resonance Imaging (MRI scan) and Sputum 
Cytology [2]. However, most of these techniques are time 
consuming and expensive. Moreover, most of these 
techniques are detecting the lung cancer in its advanced 
stages, where the patient’s chance of survival is very low. 
Hence, there is a great need for a new technology to diagnose 
the lung cancer in its early stages. For this purpose Image 
processing techniques provide a good quality tool for 

improving the manual analysis. A numbers of medical 
researchers utilized the analysis of sputum cells for early 
detection of lung cancer [3] for which we attempt to use 
automatic diagnostic system for detecting lung cancer in its 
early stages based on the analysis of the sputum color images 
[4]. In order to formulate a rule we have developed a 
technique for unsupervised segmentation of the sputum color 
image to divide the images into several meaningful sub 
regions.  

In image classification and clustering, image segmentation 
has been used as the first step. There are many algorithms 
proposed in other articles for medical image segmentation, 
such as histogram analysis, edge detection, regional growth 
and Adaptive Thresholding[5]. Review image of 
segmentation techniques can be found in [6]. Other authors 
have considered the use of color information as the key 
discriminating factor for cell segmentation for lung cancer 
diagnosis [7]. The analysis of sputum images have been used 
in [8] for detecting tuberculosis; it consists of analyzing 
sputum images for detecting bacilli. 

In our current study, we evaluate the this paper, three basic 
techniques: Fuzzy C-Mean (FCM), Expectation 
Maximization (EM), Region Gradient Growing (RGG),for 
segmenting the images in its early stages and Support Vector 
Machine (SVM) algorithm is used to classify the segmented 
image. The reminder of this paper is organized as follows. In 
Section 2, Functional block diagram is given. In Section 3, 
Algorithm used. In Section 4, Results and discussions.Finally 
in Section 5, the conclusion is drawn and several issues for 
future works are presented.   

III. PROPOSED METHODOLOGY 

The functional diagram for our method is shown in Fig. 3.1. 
The methodology consists of Preprocessing for removing 
blurring and noise, increasing contrast and improves the 
quality of image for viewing. The pre-processed image is 
then given to the segmentation stage where it divides an 
image into its constituent regions or objects. The segmented 
result is then feature extracted for detecting the desired 
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shapes. Desired image is classified to find the regions. 
Finally the classified image is thus given as the output image 
which is given to the Radiologist. 

 

Fig. 3.1 Functional block diagram 

A. Input Image 

The Lung image is taken as input image which is going to be 
processed further. It should be of equal size to process in 
matlab. 

B.  Preprocessing 

Preprocessing is done to suppress noise in an image such as 
eliminate minute details that are of no interest. It improves 
image data quality for future analyses. The procedure done 
before processing an image and image enhancement. 
Preprocessing is used to adjust the location of pixels and 
pixel values. The original image might have areas of very 
high and very low intensity, which mask details. An 
enhancement technique reveals these details and adjust their 
operation based on the image information (pixels) being 
processed. 

C. Segmentation 

The goal of segmentation is to simplify and/or change the 
representation of an image into something that is more 
meaningful and easier to analyze. Image segmentation is 
typically used to locate objects and boundaries (lines, curves, 
etc.) in images. More precisely, image segmentation is the 
process of assigning a label to every pixel in an image such 
that pixels with the same label share certain visual 
characteristics. The result of image segmentation is a set of 
segments that collectively cover the entire image, or a set of 
contours extracted from the image (edge detection).  

D. Feature Extraction 

The Image features Extraction stage is very important in our 
working in image processing techniques which using 
algorithms and techniques to detect and isolate various 
desired portions or shapes (features) of an image. Feature 

extraction is an essential stage that represents the final results 
to determine the normality or abnormality of an image. 

E. Classification 

A neural network consists of units (neurons), arranged in 
layers, which convert an input vector into some output.  Each 
unit takes an input, applies a (often nonlinear) function to it 
and then passes the output on to the next layer.  Generally the 
networks are defined to be feed-forward: a unit feeds its 
output to all the units on the next layer, but there is no 
feedback to the previous layer.  Weightings are applied to the 
signals passing from one unit to another, and it is these 
weightings which are tuned in the training phase to adapt a 
neural network to the particular problem at hand.  This is the 
learning phase. Neural networks have found application in a 
wide variety of problems.    

IV. ALGORITHM USED 

The first step includes the preprocessing stage that distributes 
the intensity using Gabor filter. After preprocessing step, we 
segment the images .Three algorithms are used in the 
segmentation stage. They are Fuzzy clustering, Expectation 
Maximization and Region Gradient Growing. 

A. Preprocessing Stage 

In image processing, a Gabor filter, which was named 
after Dennis Gabor, is a linear filter used for edge detection 
function. The Gabor filters are self-similar: all filters can be 
generated from one mother wavelet by dilation and rotation. 
Its impulse response is defined by a harmonic 
function multiplied by a Gaussian function. Because of the 
multiplication-convolution property (Convolution theorem), 
the Fourier transform of a Gabor filter's impulse response is 
the convolution of the Fourier transform of the harmonic 
function and the Fourier transform of the Gaussian function. 
The filter has a real and an imaginary component 
representing orthogonal direction. The two components may 
be formed into a complex number or used individually. 

Complex 

     (1) 
Real 

    (2)       
Imaginary 

     (3)   
where 

INPUT 
IMAGE 

PRE -
PROCESSING  

SEGMENTATION 

CLASSIFICATION FEATURE 
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In this equation, λ represents the wavelength of the 
sinusoidal factor, θ represents the orientation of the normal to 
the parallel stripes of a Gabor function, ψ is the phase 
offset, σ is the sigma of the Gaussian envelope and γ is the 
spatial aspect ratio, and specifies the ellipticity of the support 
of the Gabor function. 

B. Fuzzy Clustering algorithm 

Clustering is the process of dividing the data into 
homogenous regions based on the similarity of objects; 
information that is logically similar physically is stored 
together, in order to increase the efficiency in the database 
system and to minimize the number of disk access. The 
process of clustering is to assign the q feature vectors into K 
clusters, for each kth cluster Ck is its center. A variety of 
Fuzzy clustering methods have been proposed and most of 
them are based upon distance criteria. The most widely used 
algorithm is the Fuzzy C-Mean algorithm (FCM), it uses 
reciprocal distance to compute the fuzzy weights. The 
algorithm stated here has as input a predefined number of 
clusters, which is represented as k from its name. Means 
stands for an average location of all the members of 
particular cluster and the output is a partitioning of k cluster 
on a set of objects. The objective of the FCM cluster is to 
minimize the total weighted mean square error. The FCM 
allows each feature vector to belong to multiple clusters with 
various fuzzy membership values [11]. Then the final 
classification will be according to the maximum weight of 
the feature vector over all clusters. The detailed algorithm: 
Input: Vectors of objects, each object represents dimensions, 
where v = {v1, v2,……, vn} in our case it will be an image 
pixels, for which each pixel has three dimensions RGB, 

K = number of clusters. 

Output = a set of K clusters which minimize the sum of 
distance error.  

Algorithm for Fuzzy c-means clustering:  

Let X = {x1, x2, x3 ..., xn} be the set of data points and V = 
{v1, v2, v3 ..., vc} be the set of centers. 

1) Randomly select ‘c’ cluster centers. 

2) Calculate the fuzzy membership 'µij'  

3) Compute the fuzzy centers 'vj'  

4) Repeat step 2) and 3) until the minimum 'J' value is 
achieved or ||U(k+1) - U(k)|| < β.   

where,        
 ‘k’is the iteration step.   
 ‘β’ is the termination criterion between [0, 1].  
 ‘U = (µij)n*c’ is the fuzzy membership matrix.  
‘J’ is the objective function 

The FCM algorithm gives best result for overlapped data set 
and comparatively better than k-means algorithm. Unlike k-
means where data point must exclusively belong to one 
cluster center here data point is assigned membership to each 
cluster center as a result of which data point may belong to 
more than one cluster center. But this algorithm cannot give 
a priori specification of the number of clusters. We get the 
better result with lower value of β but at the expense of more 
number of iteration.  Euclidean distance measures can 
unequally weight underlying factors. 

C. Expectation Maximization algorithm 

An expectation–maximization (EM) algorithm is an iterative 
for finding maximum likelihood or maximum a posteriori 
(MAP) estimates of parameters in statistical models, where 
the model depends on unobserved latent variables. The EM 
iteration alternates between performing an expectation (E) 
step, which computes the expectation of the log-likelihood 
evaluated using the current estimate for the parameters, and a 
maximization (M) step, which computes parameters 
maximizing the expected log-likelihood found on the E step. 
These parameter-estimates are then used to determine the 
distribution of the latent variables in the next E step. 

Given a statistical model consisting of a set of observed 
data, a set of unobserved latent data or missing values , and 
a vector of unknown parameters  along with a likelihood 
function , the maximum 

HYPERLINK : 
"http://en.wikipedia.org/wiki/Maximum_likelihood_estimate
"likelihood estimate (MLE) of the unknown parameters is 
determined by the marginal likelihood of the observed data 

           (4) 

Then the steps in the EM algorithm may be viewed as: 

Expectation step: Choose q to maximize F:  

                     (5) 
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Maximization step: Choose θ to maximize F:  

                   (6) 

The main advantage of this algorithm is its simplicity and 
ease of implementation. The EM algorithm does not usually 
require heavy preparatory analytical work. It is numerically 
very stable. But it is hopelessly a slow linear convergence. 

D.  Region Gradient Growing algorithm                

The region growing algorithm we use is based on an iterative 
relaxation technique. The classification of pixels as vessel or 
background is based primarily upon the maximum principal 
curvature , from which the criteria for determining seeds 
are defined. Using spatial information from the classification 
of the 8-neighbouring pixels, classes grow initially in regions 
with low gradient magnitude , allowing a relatively broad 
and fast classification while suppressing classification in the 
edge regions where the gradients are large. In a second stage 
the classification constraint is relaxed and classes grow based 
solely upon to allow the definition of borders between 
regions. 

The goal of region growing is to map the input image data 
into sets of connected pixels, called regions, according to a 
prescribed criterion which generally examines the properties 
of local groups of pixels. The growing starts from a pixel in 
the proximity of the seed point initially selected by the user. 
The pixel can be chosen based on either its distance from the 
seed point or the statistical properties of the neighborhood. 
Then each of the 4 or 8 neighbours of that pixel are visited to 
determine if they belong to the same region. This growing 
expands further by visiting the neighbours of each of these 4 
or 8 neighbor pixels. This recursive process continues until 
either some termination criterion is met or all pixels in the 
image are examined. The result is a set of connected pixels 
determined to be located within the region of interest. 

A connected region is found by region growing on condition 
that the seed point (the first pixel) is set into the region, on 
condition that each neighbor of every active pixel is 
investigated for region membership and on condition that the 
homogeneity criterion remains unchanged throughout the 
region growing process. In order to reduce necessary 
interaction, we want to apply region growing also as a 
learning process for finding the homogeneity parameters. As 
these parameters change during learning, the adaptive 
process requires two runs of region growing. In the first run, 
homogeneity parameters are estimated, and they are applied, 
using the same seed point, in a second run for extracting the 

region. Learning the homogeneity criterion defined 
previously requires to estimate mean and two different 
standard deviations for gray values of a number of pixels of 
the region. Since the combination of two halves of two 
different gaussian functions is not a gaussian, the mean needs 
to be estimated from the median instead of the average of the 
pixel values. The two standard deviations are then estimated 
by separately evaluating gray values of the sample pixels that 
are greater or lower than the mean. 

During early stages of the learning process, the current 
estimate for homogeneity should be weakly applied for 
deciding on region membership in order to avoid premature 
termination of the process because the standard deviation is 
underestimated. Given the deviations ld and ud that were 
computed at a previous step of the region growing procedure, 
lower and upper thresholds are computed for determining 
region membership: 

 Tupper = mgv(n)+[ ud(n).w +c(n)]             (7) 

and 

 Tlower = mgv(n)- [ld(n).w +c(n)]            (8) 

The value n stands for the number of pixels that were used to 
compute the estimate. The weight w was set to 1.5 to include 
approximately 86% of all region members if the distribution 
was truly gaussian. The weight was set this low in order to 
avoid leaking out of the region and thus delivering the wrong 
estimate. The unreliability of the estimates of mgv, ud and ld 
at early stages of the learning process was compensated for 
by a function c(n) that decreases with increasing n. It was 
chosen as c(n)= 20/sort(n),  which rapidly decreases with 
increasing n. Initial values for mgv, ud and ld are estimated 
from a 3x3 neighborhood around the seed point. For the 
second run, the region growing process is repeated using the 
same seed point, the estimated mean and the corrected 
standard deviations. The weight w was set to w=2.58 in order 
to include 99% of the pixels of the region if the variation due 
to noise was truly Gaussian.  

The RGG algorithm offers many advantages such as it 
produces high frequency variation with dominant edges 
whose gray scale intensities are significantly different from 
the surrounding region into the images.  

V. SIMULATION AND EXPERIMENTAL RESULTS 

In lung image which is obtained is first pre processed and it is 
then segmented in order to separate out the regions of 
affected portions from unaffected areas. The goal of the 
segmentation is to simplify and/or change the orientation of 
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the image. The pre-processed image is given to the 
segmentation stage. This segmentation involves three 
algorithms they are: 1.Fuzzy C Mean, 2. Expectation 
Maximization and 3. Region Gradient Growing. 

The lung input image is shown in the fig 5.1. This is the 
image which is obtained from the patient. This image is then 
pre- processed using the Gabor filter, which improves the 
quality (clarity) of images for human viewing, increasing 
contrast, removing blurring and noise and revealing details of 
the image.  

First we are segmenting the image using Fuzzy clustering 
method. This is a soft clustering method. Using the 
membership functions cancer regions are separated. The fig 
5.2 shows the output of Fuzzy Clustering method. 

 
Fig 5.1: Input Image 

 
Fig 5.2: Output image of Fuzzy C Mean 

The fig 5.3 shows the output image of EM algorithm. An 
expectation–maximization (EM) algorithm is an iterative 
method for finding maximum likelihood or maximum a 
posteriori (MAP) estimates of parameters in statistical 
models, where the model depends on unobserved latent 
variables. The EM iteration alternates between performing an 
expectation (E) step and a maximization (M) step. 

 
Fig 5.3 : Output Image of EM Algorithm 

 
Fig 5.4: Output image of RGG Algorithm 

A. Comparing Performance of FCM, EM and RGG 

 
Fig 5.5: Performance Result of FCM 

The last segmentation method is the Region Gradient 
Growing. The region growing algorithm we use is based on 
an iterative relaxation technique. The goal of region growing 
is to map the input image data into sets of connected pixels, 
called regions, according to a prescribed criterion which 
generally examines the properties of local groups of pixels. 
The output of the Region Gradient Growing is shown in the 
fig 5.4. 
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Fig 5.6: Performance Result of EM 

 
Fig 5.7: Performance Result of RGG 

VI. CONCLUSION  

In this paper, three segmentation process has been used, the 
first one was Fuzzy Clustering (FCM), the second one was 
Expectation Maximization (EM) and the third is Region 
Gradient Growing (RGG). It was found that the RGG 
segmentation results are more accurate and reliable than 
FCM and EM. The RGG succeeded in extracting the nuclei 
and cytoplasm regions. However FCM and EM failed in 
detecting the nuclei, instead it has detected partially. And 
also FCM is not sensitive to intensity variations as the 
segmentation error at convergence is larger with FCM 
compared to that with RGG. The HNN will be used as a 
basis for a Computer Aided Diagnosis (CAD) system for 
early detection of lung cancer. 

VII. FUTURE SCOPES 

 In the future, we plan to consider the detection of the lung 
cancer cells by using Bayesian decision theory, and also 
developing a model based on the idea of watershed algorithm 
which use the idea to extract the homogeneous tissues 
represented in the image as soon as a more extended dataset 
is available. 
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