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 Imaging techniques and technology in medical industry made the doctors to see the 

interior portions/parts of the body for easy diagnosis of a particular disease. It also help 
doctors to make pointed/keyhole surgeries for reaching the interior parts without really 

opening too much of the body portions. An image of a cross-section of parts of the 

body is produced by measuring the total attenuation along the columns vs rows of a 

matrix data and then based on the analysis the attenuation of the matrix elements at the 

intersections of the rows and columns, a particular disease will be identified. A number 

of mathematical operations were necessary to yield clinically applicable and accurate 
images are so large that a computer is essential to do them. The information obtained 

from these computations can be presented in a conventional raster form resulting in a 

two dimensional picture. In our project, we are trying to process the image to identify 
the severity of the cancer formation cells with the help of segmentation of the images. 

Our proposed solution utilizes the probabilistic boundary edge map technique in which, 

the intensity of a pixel is set to be the probability to be either depth or contact boundary 
in the scene. 
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INTRODUCTION 

 

Cancer, the most serious health problem in the world, has the highest mortality rate. In today’s world, many 

new types of cancers are diagnosed such as lung cancer, brain cancer, breast cancer and cancers in tumors. 

Computer aided diagnosis, CT scans and mammograms aids in diagnosing cancer (Ganesan K, et al., 2013). The 

National Cancer Institute (NCI) predicted that the occurrence of brain and other central nervous system (CNS) 

cancers, in the United States. Many tools and techniques are in place to analyze various cancers and it is 

becoming more common nowadays. More and more research has been conducted to increase the survival of 

cancer patients, but yet no cure is identified. Various and large volume of biomedical data of cancer patients are 

deposited in various formats for research purposes (Anquez  J, et al., 2013). It is really very important for Data 

integration and exchange in cancer research and analysis. These data elements prove to play a key role in data 

integration and medicinal analysis. 

The earlier detection helps for the treatment of cancer patients. 85% of lung Cancer cases in males and 75% 

in females are caused by cigarette smoking (Lei Zhang and QiangJi, 2011). It is also estimated that 29% death 

rate is due to cancer. Chemotherapy treatments, radiation therapy and surgery are used to treat lung cancer. 

Similarly segmentation also plays an important part in diagnosing information from medical imaging. An image 

generally is considered as a mixture of different textures, appearing at different levels and at the same time 

relating to each other. Segmentation is one of the most challenging tasks in various areas such as biological cell 

studies, image processing, etc. The main objective of image segmentation is to partition an image into mutually 

exclusive and exhausted spatially contiguous regions such that each pixel is unique with respect to color, 

texture, intensity, range, etc. Color based medical imaging along with symmetric analysis provide best 

information in clustering (Mei Yeen Choong, et al., 2012) cancer detection.  

Passive Interactive Segmentation is associated with active input selection information's provided by the user 

which provides an optimal segmentation of exact image selection zone and this is one of the proposed 

approaches by the author as Actively Interactive Segmentation. The segmentation is achieved by separating 

images into regions. Regions can be obtained from the feature vector values extracted from the statistics of the 

super pixel region and the edges of the segment were identified with the help of comparing the average intensity 
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of gradient magnitude (Meijuan Yang, et al., 2013) and finally the edges were identified as true if and only if the 

parent segment zone has different labels. 

Each Vertex node is associated with the Measurement node which will define the strength of the corners 

and it is calculated through Harris corner detector method. Active Interactive Segmentation (Lei Zhang and 

QiangJi, 2011) associated with Bayesian network model provides an effective segmentation of pictures when 

compared to the interactive segmentation with passive intervention. Although segmentation process integrates 

both the information and the prior knowledge, this process will fail due to complexity of image segmentation for 

real applications. Even then all of these research efforts failed to produce results accurately as they have been 

based on edge detection. The existing system preserves the basic structural properties of an image and hence 

reducing the amount of data to be processed. Recent developments on computational intelligence use the 

computerized design of medical diagnosis systems. This system uses classical image processing algorithms that 

interpret medical images obtained from clinical tests as depicted in the below pictures (Kumar S, et al., 2013). 

The object extraction process is carried out to first identify the affected area, shape and size of that portion and 

enhance the contrast property to perform calculations. 

 

 
Fig. 1: CT Scanned Lung Image. 

 

                                                       
Fig. 2: Object Extraction.            Fig. 3: Check Pixel Intensity.   

 

                                                   
Fig. 4: Identify Dominated Pixel.        Fig.5. Inverting  Image Pixel.                                       

 

This way the process returns faster and better results. 

 

Proposed Methodology: 

Growth of image analysis techniques are rapidly in nature. In research, the segmentation of MRI images is 

done widely using Compression / Histogram / Watershed Model (Lei Wang and Lin Zhang, 2011)method, etc.  

The existing scheme, Leap segmentation (Forsthoefel.D, et al., 2012) for recovering Image Surface Layout, 

mainly focuses in replacing the Individual pixel with a map of chromatic-and-illumination-similar regions that 

are relatively adjacent but not necessarily contiguous and this technique is coined as Leap Segmentation 

Technique. A comparative analysis have been done on the legacy approaches like,  

 

a) EGBIS Approach - Efficient Graph based Image Segmentation(Cigla, C. and Alatan.A.A, 2010) 

b) EDISON Approach - Mean Shift Clustering Approach Image Segmentation (Mei Yeen Choong, et 

al., 2012). 
Leap Segmentation technique identify relative pixel values available in the picture and relies on the 

following constraints like  

 Chroma-luminance affinity metric,  

 Adjacency Constraint and  

 Region Equivalence Constraint 



19                                                        Shanmuga Sundaram R.S. and  Sridhar T.M., 2014 

Australian Journal of Basic and Applied Sciences, 8(1) January 2014, Pages: 17-22 

Hence Leap Segmentation technique is not suitable for the applications that are purely accuracy driven and 

for the applications that lack efficiency standards (Tae Hoon Kim, et al., 2013). Moreover, it doesn’t specify the 

format of the images used. 

Even the Bayesian model (Kampa, K, et al., 2012) that emphasizes assessments of the image boundaries by 

considering fuller account of uncertainties related to input models and the parameter values can be considered 

for image processing. But considerable difficulties will arise when attempts have been made to select 

appropriate non-informative prior distributions. 

The Random walker Segmentation(Patz, Tand Preusser, T,2012) with repeated classical segmentation has 

few issues such as manual intervention in providing the seed input. This feature weakens the system. There are 

various other techniques too. But in general, the size of the human organ differs. Hence Graph based image 

segmentation (Lei Zhang, et al., 2011) may be effectively applied. Generally the MR images are affected from a 

low Signal-to-Noise Ratio (SNR), which is considered to be one of the important problems in medical images. 

Normalization can be applied on the median-filtered images for efficient noise reduction and then perform 

anisotropic diffusion method. Smoothness and contrast are increased by this filtering scheme. 

Hence our proposed approach follows Computed Tomography (CT) images of lungs that have low noise 

disturbances when compared to other scan images and MRI images (Jie Chen, et al., 2012). So CT images are 

best suited for detecting the lung cancers. The calculations made with such images are valued mostly accurate or 

closer to the actual value. 

 

 
Fig. 6: System Design Model. 

 

As per the above flow graph, an edge-based approach is followed to locate the image boundaries by finding 

(or by linking) the edge or luminance contrast, which is large at the image region boundaries. Then by using the 

edges form separate regions and perform a region-based approach by checking the difference in luminance in 

the pictures or the feature classification value between neighboring image areas to find where features of the 

picture change. In general, regions in a picture are classifiable by pixel luminance. Then noise reduction is done 

through image blurring anisotropic filtering by calculating the variations of an image. Even a high resolution 

photo is bound to have some noise in it. For such photo even tiny features like eyelashes will be represented by 

a large group of pixels. Hence a simple box blur is highly sufficient. 

Thus the input color (RGB) image is converted to gray scale and noise filtration is performed by anisotropic 

filtering. Identifying the specific object and recognizing the nature of the object is the wholesome idea of this 

project. The data embedded in the images were grouped and it is segmented based on the relativity among the 

data.  Using the above said technique, we are trying to identify the disease and the percentage of the disease 

exactly.“PROBABILISTIC BOUNDARY VALUE EDGE MAP” algorithm is used in our project to identify 

the disease effectively. 

Probabilistic Boundary Value Edge Map Algorithm 

1. Let E be initial pixel estimate and T be the threshold. 

2. Apply Segmentation and find edges using E as median, i.e., 

E1, pixels brighter than T 

E2, pixels darker than T 

3. Calculate average of intensities i1 and i2 of E1 and E2. 

4. Compute threshold value as follows:  T   =   (i1 + i2)/2 
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5. If|E − T| > ∆E, repeat applying segmentation, that is from step2, else stop. 

 According to this algorithm, an image is segmented with a pixel estimate and edges are identified and 

segmentation is applied repeatedly until the threshold estimate is greater than the original estimate.  

 

I. Simulation Results of the Proposed Approach: 

A. Acquisition of Analysis Image:  

In our proposed approach we first consider the Gray-scale intensity images of size of 220×220. If it is RGB 

color based image, a Gray-scale converted image is defined by using a large matrix with an entry within the 

range of 0 to 255, considering 0 as black and 255 as white as depicted below: 

 

 
Fig. 7: Segmentation of image possession. 

 

B. Segmentation of Acquisition Image:  

Now the pixels with an edge are grouped into prominent image region. Segmentation of Gray level images 

is used to provide information such as anatomical structure and identifying the affected region i.e., locate 

abnormalities. 

Hence the proposed approach compares the infected parts with the normal and healthy parts. After this the 

abnormal portion is compared it with the reference image information. 

 

C. Noise Removal:  

Various noise distortions are encountered in image segmentation process. In this paper, we assume that the 

main image noise is increasing with the increase of segmentation, that is imitation and unsystematic signal are 

mixed up with the true pixel value. 

 

T(x, y) is transformed because of noise as T(x,y) = T(x, y) +N(x,y)                                                               (1) 

 

That is the pixel T at position x, y is mixed up with noise N at the same position after the segmentation. 

Now the pixel enhancement is done by direct manipulation of pixels within a small group of pixels, it takes 

the form as below: 

 

M(x, y) = O (T(x, y))                                                                                                                                      (2) 

 

Here T(x, y) is the input noise image and M(x, y) is the processed image and O is an operator on T (direct 

pixel), defined over some grouping of (x, y). Then the spatial filters are applied to this transformed pixel.  

In this paper, the proposed noise enhancement algorithm is based on using filters and also includes 

smoothing process to remove extra noise and sharpens the edges in an image.  

 

D. Linear filtering for noise removal:  

Linear operations calculate the resulting value in the output image pixel TU(x, y) as a linear combination of 

brightness in a local neighborhood of the pixel Pm(a,b) in the input image.  

 

In this algorithm we assumed P as an N×M image, m is an odd number smaller than both N and M, and K is 

the convolution kernel or the filter mask of the linear filter that is an m×m mask. The filtered version of I is 

given by the discrete convolution as follows:   

 

𝑃𝑘 𝑎, 𝑏 =  𝑃 ∗ 𝐾   𝐾 𝑐, 𝑑 𝑃 (𝑎 − 𝑐, 𝑏 − 𝑑)𝑘=𝑚/2ℎ=𝑛/2                                                          (3)

   

Where i=1 to N and j=1 to M. This filter replaces the value I(i, j) with a weighted sum of P values in a 

neighborhood of (a, b). If all entries of P in Eq. (3) are non-negative, the filter performs average smoothing. 
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Then finally damaged region is obtained by subtracting the matrix of the abnormal brain scan image is from the 

normal brain image. 

 

E. Smoothing using Gaussian filter:  

In this paper, the proposed Gaussian smoothing filter, Gf, is a nonnegative, real-valued column matrix 

defined by,  

𝐺𝑓  𝑎, 𝑏 =
1

𝑅
𝑒
 
 𝑎2+𝑏2 

2 𝜎2  
             (4) 

in which R is expressed as𝐑 =   𝟐𝛑𝛔𝟐. 

However this type of filters somewhat reduced the noise level compared to the linear filters. But it still did 

not provide satisfactory level of noise removal level as shown in Fig.7. Thus, a series of cascaded filters are 

required for obtaining the real region of matrix. Hence another level of noise filtering is attained by using an 

average filter. 

 
Fig. 8: Gaussian Filter. 

 

Applying the average filter resulted in an acceptable noise reduction level. The conclusion from this part is 

cascaded filter array is recommended to reach an acceptable noise reduction levels.  

 

 
Fig. 9: Average Filter. 

 

F. Accuracy of Identification with Edge Detection:  

An edge, the property of an individual pixel is identified from the image function behavior of the nearby 

pixel. It is also considered as a vector variable (gradient magnitude, edge direction). Edge detection generally 

reduces the amount of additional data in an image, at the same time maintains the structural properties used for 

the future image processing task. 

Apart from region filters, the main idea is to identify and focus on different infected areas, so that the 

processing algorithm are applied on them to enhance the processing time rather than wasting time on the whole 

image. First, a vector subtraction is applied on the affected region by finding the related adjacent portions in the 

resultant image. Then the related nearby portions are computed the unwanted portions are removed resulting in 

infected area.  

To enhance the results of the proposed edge detection algorithm we found that the most important condition 

is that losing edges and edge points must be detected earlier and also should be localized. Hence edge detection 

process is highly critical and also modeled and implemented with mathematical calculations to increase the 

performance. This old detection process considered as the standard research process in edge detection methods. 

 

F. Grouping the Images: 

Images are grouped using the input vector and the weight vector along with the decision layer for 

comparing values of existing and proposed cancer patients. The second layer at which maximum value occurs 

helps in deciding the class of the input pattern. The entire training set must be stored and used during testing and 

the amount of computation necessary to classify an unknown point is proportional to the size of the training set. 

But the layer contains each class of the training dataset leading to much less computational time for 

classification. An another layer of network was created with more than 500 nodes in the input layer, between 1 

to 50 nodes in the hidden layer, and a single node as the result layer. The total count of nodes in the hidden layer 

is simulated to decide the optimal number of hidden nodes. But finally only ten nodes can be present in the 

hidden layer. Hence the 500 data points extracted from each subject were then used as input. The output node 

resulted in either a 0 or 1, for control or patient data. The hidden node weights needed to be set using training 

sets. Therefore, subjects were divided into training and testing datasets. 
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Experimental Results: 
A set of Gray-scale image database was used in this experiment with an image size of 220×220 pixels. A 

group containing more than 60 images was used such that they are categorized into 6 different classifications. 
Out of theinput a group of random patient’s images were selected as an experimental set, while the other portion 
of dataset was used for training. Training data was used to feed as input and then knowing the output, the 
weights of the hidden nodes were calculated. Many experiments were performed on the same experiment, 
selecting randomly images every time for testing and the remaining subjects for retraining to find accuracy of 
prediction.  

 

Conclusion: 
Imaging techniques thus play a key role for disease identification in medical industry. These images can be 

processed successfully using probabilistic boundary edge mapping technique for cancer identification with the 
help of pixel intensity analysis. The processed final image is free of noise and other disturbances and smoothing 
and filters are applied for accurate disease identification. 
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