
International Journal of Computer Applications (0975 – 8887)  

Volume 94 – No 15, May 2014 

 38 

Tumor Extraction by Level Set Method using Thershold 

Algorithm 

Visu Prateek Agarwal 
Deptt. Of ECE 

G.B.Pant Engineering College 
Pauri Garhwal, Uttarakhand, India 

Manoj Kumar 
Deptt. Of ECE 

G.B.Pant Engineering College 
Pauri Garhwal, Uttarakhand, India 

 

 

ABSTRACT 

The level set method may be used as a strongest pawn for 

segmentation of a tumor to achieve an accurate estimation of 

its volume. The level set method is a numeric technique for 

tracking interfaces and shapes. In this method, equation 

parameters are being set or speed function is being set. A 

threshold based method is introduced for tumor segmentation. 

In this paper, tumor segmentation and its extraction is 

achieved by a threshold based scheme and by utilizing a 

global threshold, the level set speed function is designed. This 

threshold based scheme provides better flexibility and it is 

updated through the whole process. Search based and adaptive 

bases threshold can be used here for better efficiency through 

segmentation. Tumor segmentation does not need any vast 

knowledge about the tumor and non-tumor density function. 

Depending upon the tumor shape and size, it may be 

implemented in an automatic or semi-automatic form. Here 

we use this algorithm for magnetic resonance images (MRI). 

We see that the performance can be evaluated accurately for 

quantitatively images. The results from this experiment 

provide better efficiency and high performance. 
  

1. INTRODUCTION 
Automated brain tumor segmentation from MRI images is really a 

very challenging job. It involves disciplines pathology covering, 

physics of MR images, perception of radiologists and on the basis 

of intensity and size, image is analyzed. There are many problems 

and issues with brain tumor segmentation. The size of brain tumor 

is different in different MR images and the shapes also have 

variation. Tumor can be located at any location having different 

intensities of images. For segmentation process, manual 

segmentation is quite difficult somewhere, that is why automated 

brain tumor segmentation method is more desirable. Maximum 

diameter of tumor is considered to be an indication of tumor size, 

and on account for 3D nature and irregularity in the shape of 

tumor it may not reflect a proper assessment of this tumor attribute 

[1,2]. Tumor size can be represented by tumor volume. This is 

how tumor volume can be estimated by tumor volume. Such types 

of methods schemes implicitly require the volume of tumor by 

extracting the tumor surface. By using 3D segmentation or via a 

pseudo-3D approach, extraction of surface can be achieved i.e. by 

using extracted 2D contours, reconstruction of 3Dsurface is done 

[3]. Due to higher accuracy of the former approach, to work on it 

is quite better. There are many methods or approaches used for 

estimating volume of tumor and extracting tumor. To measure the 

volume of tumor in MR images, fuzzy connectedness is a very 

useful and accurate method [4,5]. There are also some popular 

method for processing any medical image such as Markov random 

fields (MRFs) [6,7]. Utilization of support vector machine (SVM) 

classification method and brain tumor segmentation MRFs was 

evaluated by Lee et al. [8] and he claimed SVM based approach. 

Recently, Corso et al. [9] gave the extended graph-shifts algorithm 

for segmentation of image which exhibits many applications in 

tumor segmentation. Also, in a publication [10] the Bayesian 

generative model was made into the graph-based image 

segmentation and was applied to brain tumor segmentation. For 

segmentation of 3D objects, active surfaces/contours are other 

effective and very useful methods. Level set segmentation method 

has many advantages as it has a greater ability to tackle complex 

geometries and to handle changes in topology. The level set 

method provides shape driven method and level set method is 

bases upon speed function. It can shrink or grow to take the shape 

of any type of object whether it is very complex. Parameterization 

surface is not an issue with level set method [11]. Thus the level 

set method is very useful and it has high flexibility in modeling 

any shape and it is attractive and when we provide the initial zero 

level set, the whole segmentation process becomes automatic then. 

Level set method does not require any additional machinery. Level 

set method solves the problem of image segmentation which has 

minimum energy. The main theme for level set method is 

consisting of curves as a function which has higher dimensions 

that produces under some forces and it was firstly introduced by 

Osher and Sethian [12]. It provides efficient and accurate 

numerical techniques for analyzing and tracking curve evolution 

problems. Moreover, the contours of level set-based are 

independent parametrically and thus they are particularly 

appropriate for segmenting complex shapes. The evolution 

contour can naturally change its topology and result is got on less 

dependency on initialization as compared to active contour 

models. There are many approaches which have been proposed to 

address segmentation of MR images with level set method. 

Geodesic active contour, which was proposed in [13], has been 

extended to medical imagery in [14] and [15]. However, geodesic 

deformable contours shows there dependency on attributes of an 

image, for an example as gradient, that is why they are sensitive to 

noise. In [16], Zeng et al. applied a method for segmentation of 

three-dimensional (3-D) brain cortex which is done by using 

coupled level set surface propagation which is based on certain 

geometric parameters of thickness of cortex. In level set method 

user can tune and change the parameters according to his desire 

that is why this method is very useful. The user can also control 

the shape in a real time [17-19]. The drawback of this method is 

that this method provides user interaction and allows better 

segmentation only if user is totally familiar with the level set 

method. The main function in level set method is speed function. 

The design of speed function is the most important step. The speed 

function is defined based on results of various clustering 

algorithms ex. fuzzy classification [20–22]. Ho et al.[23]provides 

region competition in the exertion of the level set method, in 

which the speed function is adjusted through the difference 

between pre- and post-contrast enhanced magnetic resonance 

images. These algorithms also have some drawback that they 

depend upon accurate tumor and non tumor probability density 

functions estimation. It does not give accuracy sufficiently 

because of intensity differences in tumor. There are so many 
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algorithms they are distinguished on the basis of the speed 

function. Some algorithms require user interaction while some 

rely on prior estimation of the density function of tumor. Thereby, 

a level set method is purposed for 3D brain tumor segmentation 

which employs density function is not required by a speed 

function and that is obtained by user interaction [24]. To form a 

speed function, global threshold is used. First of all, using level set 

initialization, the initial threshold is calculated and is then updated 

iteratively throughout the segmentation process. The variation of 

threshold declines while reaching tumor boundary because of the 

intensity difference between tumor and non tumor zone. The 

difficulty of our method undergo in the trade-off between the rate 

of convergence and segmentation accuracy. A high convergence 

rate is taken when the variation of threshold with respect to the 

iteration number is large. That is why accuracy is less in 

segmentation. A small variation in threshold can provide 

convergence whether of a reduced rate. This, however, may lead 

to low accuracy in segmentation or even destabilization of the 

algorithm. On the other hand, a small variation of the threshold 

can guarantee convergence, although at a reduced rate. We study 

here this trade-off and propose an appropriate calculation of 

threshold. Here we introduce a method that calculates a global 

threshold for segmentation of tumor, thereby it is unnecessary to 

estimate density of the tumor and non-tumor. Here we propose an 

algorithm for updating threshold iteratively. 

2. SEGMENTATION PROCESS 
For the process of segmentation, the image is divided into four 

regions: white matter (WM), grey matter (GM), cerebro spinal 

fluid (CSF) and background. For segmentation, fuzzy classification 

is done of voxels which is intensity based into background classes 

and tumor. Here tumor probability map is very useful. This map is 

used to guide speed of level set snake and propogation direction. It 

is also useful in deriving initialization automatically of snake. 

Image forces are balanced to cover a smooth tumor stable.  

The image shows different aspects of tumor regions. First of all a 

seed point is selected in an image whether manually or 

automatically. Then on the basis of that seed point which is also 

known as an initial point, the region growing algorithms is applied 

and the pixels which have the same intensity value comes in a 

group and in the same manners, other pixels are also deformed in 

grouping. In this way segmentation process occurs. An example of 

an image of tumor is given below: 

 

 

  

 
 

 

 

 

 

 
 

Fig 1. A) Original image of tumor. B) Segmented image.  

C) Segmented image with 99 iterations. 

3.  THRESHOLD BASED 

SEGMENTATION USING LEVEL SET 
Here we suppose that the tumor and adjacent non tumor 

histograms are overlapping slightly. We suppose that the region of 

background has lower mean intensity value than tumor region and 

there is no loss of generality. In this situation, a threshold exists 

between voxels of tumor and non tumor. Here we use an algorithm 

to find out proper threshold and a way to updating it on the basis 

of iterations. User performs the initial value of threshold which is 

based upon the level set initialization inside the region of tumor. 

After that a speed function is also performed. In it, knowledge of 

tumor and non tumor regions density functions is not required. To 

determine the speed function of level set is a challenging job. 

Image gradient is used by original formulation of speed function. 

When image is noisy or when the desire object’s boundary is not 

distinct, the speed function does not work [25,11]. To improve the 

level set performance, regions information is integrated. We see 

that when tumor likelihood regions are higher, the growing speed 

increases. Estimation of threshold T1 process occurs by 

initializing TLS in tumor region. Reference slice has very large 

crosssectional area as compared to others slices. It must be notice 

that result will not be affected by the choice of reference slice. 

In Fig. 2, we can choose an appropriate threshold from the shaded 

intensity ranges, which are where the final (converged) thresholds 

are very likely tolie. This range is expected to be wider when 

tumor and non tumor densities are also separated widely.  

 

Distribution based on ground trouth 

 
Intensity 

Fig 2. Tumor and non tumor regions distribution 

 

TLS Algorithm: 

1. Initialize the level set inside the tumor image. 

2. Find out threshold 

3. Compute speed function 

4. Growing level set 

5. Update the threshold 

6. Reinitialize level set  

  

4.  TUMOR EXTRACTION 
To extract the tumor, first of all we have to segment the image. 

After finding seed point and applying region growing algorithm, 

we can extract tumor on the basis of region. The intensity value of 

tumor region is different than background or other part of a tumor 

image. The pixel value is different in the tumor part as compared 

with other part of an image. Extracting tumor with level set 

method, we have to perform a task to find out speed function firstly 

and after that a value for threshold is provided. Then, the value 

above the threshold is taken out. This value is quite important for 

extracting tumor.  
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Anexample of tumor image and segmented image and extracted 

tumor is given below: 

 

 

 

 

 

 

 

 

 

 

 

Fig 3. A) Original image of tumor. B) Segmented image with 99 

iterations C) Extracted tumors 

5.  CONCLUSION AND FUTURE WORK 
Here, in this paper we tumor extraction is done by a new method of 

level set method which is based on threshold algorithms. The 

densities of tumor region and non tumor regions are not required 

and main task is to find out the speed function. Level set method 

performance is better when the intensity difference level is 

different between tumor and non tumor regions. For convex case 

the efficiency and performance is better and for TLS performance 

is better where the level of intensity difference between the tumor 

and non-tumor regions is the case of concave, good initialization is 

necessary to obtain good segmentation. This method can also 

extract non-homogeneous tumors. 

In this paper, a global threshold is achieved to perform tumor 

extraction. This TLS method is quite useful to find out global 

threshold and we can take some thresholds also except this. 

Threshold value is quite useful in finding the tumor. Where the 

global threshold value is not taken out then this TLS method will 

not work suitably. Except this some other abnormality detection 

reduces user interaction and thus the algorithm becomes 

automatic. In future work, author wants to try to reduce it and to 

work upon it. 
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