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Abstract— Segmentation is the process of dividing the image into smaller parts to extract some information 

from it. It is widely used in medical industry to get abnormal growth data from the medical image like MRI and 

CT In this paper, we present a fast and robust practical tool for segmentation of solid tumors with minimal user 

interaction to assist clinicians and researchers in radio surgery planning and assessment of the response to the 

therapy. Particularly, a cellular automata (CA) based seeded tumor segmentation method on contrast enhanced 

T1 weighted magnetic resonance (MR) images, which standardizes the volume of interest (VOI) and seed 

selection, is proposed. Sufficient information to initialize the algorithm is gathered from the user simply by a 

line drawn on the maximum diameter of the tumor, in line with the clinical practice. First the seed pixels of 

tumor and background are fed to the algorithm. Using these seeds, the algorithm finds the strength maps for 

both tumor and background image. These maps are then combined to get the tumor probability map. Then the 

image is subjected to smoothing. Validation studies on both clinical and synthetic brain tumor datasets 

demonstrate 80%–90% overlap performance of the proposed algorithm with an emphasis on less sensitivity to 

seed initialization, robustness with respect to different and heterogeneous tumor types, and its efficiency in 

terms of computation time. 
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I. INTRODUCTION 
SEGMENTATION of brain tissues in gray 

matter , white matter , and tumor on medical images 

is not only of high interest in serial treatment 

monitoring of “disease burden” in oncologic 

imaging, but also  gaining  popularity  with  the  

advance of image guided surgical approaches. 

Outlining the brain tumor contour is a major step in 

planning spatially localized radiotherapy (e.g., 

Cyberknife, iMRT) which is usually done manually 

on contrast enhanced T1-weighted magnetic  

resonance  images  (MRI)  in current clinical 

practice. On T1 MR images acquired after 

administration of  a  contrast  agent  (gadolinium),  

blood  vessels  and parts of the tumor, where the 

contrast can pass the blood– brain barrier are 

observed as hyper intense areas. There are various 

attempts for brain tumor segmentation in the 

literature which use a single modality, combine 

multi modalities and use priors  obtained from 

population atlases. 

Modalities which give relevant information 

on tumor and edema/infiltration such as Perfusion 

Imaging, Diffusion Imaging, or Spectroscopic 

Imaging provide lower resolution images compared 

to T1 or T2 weighted sequences, and the former are 

generally not preferable for geometric 

measurements. One of the main reasons to use 

multimodality images such as T2 weighted MRI is 

to segment edema/infiltration region which is 

generally not observable in T1 images. Although 

the glial tumors infiltrate beyond the enhanced 

margin and edema/infiltration region might be of 

interest to fractionated radiotherapy in general, it is 

not possible to distinguish edema and infiltration, so 

usually this region is not included in primary target 

planning of radiosurgery, particularly in Cyberknife 

. 

On the other hand, population atlases provide an 

important prior to improve segmentation  by  

measuring  the  deviation  from the normal brain. 

Deformable registration of  brain  images  with 

tumor to the population atlas is an extremely 

challenging  problem and still an active research 

area due to intensity variations  around  the tumor 

mainly  caused  by  edema/infiltration,  and  the  

tumor mass effect,  which  also  deforms  the  

healthy  tissue  morphology. In some studies, affine 

registration has been used for this purpose, however 

misalignment issues arise, especially where there is 

a large deformation of the brain structures 

Comparison to the works in the literature that use 

different approaches and other image types is 

difficult as that would  require the use of the same 

datasets by different groups with evaluation 

performed by similar  measures.  For  this  reason,  

only  the  results of some studies are given, instead 

of a detailed comparison.  Although, using manual 

expert segmentations as the ground truth, different 

performance measures such as  Dice  Overlap,  

Jaccard Index, false positive and negative volume 

fractions (FPVF, FNVF) were used in the literature, 
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(Dice) Overlap is used as a common measure for a 

comparison to previous methods here With their 

automatic, multimodal, atlas based method, 

Prastawa et al. have reported 86.7% average overlap 

on a small dataset of only three patients with an 

average 1.5 h processing  time  .  In  more  recent  

studies,  Menze  et  al.  re- ported 60% average 

overlap on 25 glioma patients and Gooya et al. 

reported 74.5% average overlap on 15 glioma 

patients with about 6–14 h of processing time . In 

contrast, Liu et al. reported 95.6% average overlap 

on only a subset of well-performing five patients 

over a 10 patient dataset using fuzzy clustering on 

only FLAIR images. It should be  noted that  the 

latter method needs intensive user interaction and 

correction as 8.4 min per patient on the average . 

The popular trend in the  area,  as  in  the  

aforementioned approaches, is to be able to combine 

information from different sources to obtain a better 

segmentation. However, attempts to develop better 

algorithms from the image processing perspective 

that work on a particular MRI protocol continue in 

parallel not only to obtain proper information from 

each channel to be combined, but also due to the 

practical need to routinely quantify tumors in a 

clinical environment . Therefore, in this study, we 

focused on an efficient and robust segmentation of 

brain tumors on contrast enhanced T1 weighted MR 

images with minimal user interaction. 

Region-based active contour models are 

widely used in image segmentation. In general, 

these region-based models have several advantages 

over gradient-based techniques for segmentation, 

including greater robustness to noise. However, 

classical active contours had the problem of being 

“only as good as their initialization,” even when 

using level-set surfaces in 3D. Because the tumor 

class does not have a strong spatial prior, many 

small structures, mainly blood vessels, are classified 

as tumor as they also enhance with contrast. Ho et 

al. used fuzzy classification of pre- and post-

contrast T1 images to obtain a tumor probability 

map to evolve a level-set surface . Liu et al. have 

adapted the fuzzy connectedness framework for 

tumor segmentation by constructing a rectangular 

volume of interest selected through identifying the 

first and last slice of the tumor and specifying a set 

of voxels in the tumor region . 

Interactive algorithms have become popular for 

image segmentation problem in recent years. Graph 

based seeded segmentation  framework has been 

generalized such that graph-cuts (GC) , random 

walker (RW) , shortest paths, and power watersheds 

have been interpreted as special cases of a general 

seeded segmentation algorithm, which solves a 

minimization problem involving a graph’s edge 

weights constrained by adjacent vertex variables  or 

probabilities. In , the connection between GC, RW, 

and shortest paths was  shown to depend on   

different  norms:    (GC); (RW); (shortest paths), in 

the energy that is optimized. Geodesic distances 

between foreground and background seeds were 

also incorporated into other shortest path-based 

segmentation algorithms by . 

Although it was reported that the shortest paths and 

RW pro- duce relatively  more  seed-dependent  

results,  it  can  be  argued  that the global minimum 

of an image segmentation energy is  worth as good 

as the ability of  its  energy  to capture  underlying  

statistics of images , and a local minimum may 

produce a solution closer to the ground truth than 

that of a global minimum. Hence, with good prior 

information provided as in the case of a seeded 

image segmentation problem, efficiently finding 

good    local    minima becomes meaningful and 

worthwhile. 

On the other hand, cellular automata (CA) 

algorithm motivated biologically from bacteria 

growth and competition, is based on a discrete 

dynamic system defined on a lattice, and iteratively 

propagates the system states via local transition 

rules. It was first  used by Vezhnevets et al. (Grow-

cut) for image  segmentation, which showed the 

potential of the  CA  algorithm  on  generic medical 

image problems. However,  Grow-cut  was  not  

designed for specific structures, such  as  tumors,  

which  display heterogeneous content such as 

necrotic and enhancing tissue. Moreover, anatomic 

structures typically have relatively smooth 

boundaries, however, Grow-cut tends to produce 

irregular and jagged surface results, and only an ad 

hoc way of smoothing was introduced. 

In this paper, we re-examine the CA 

algorithm to establish the connection of the CA-

based segmentation to the graph-the- oretic methods 

to show that the iterative CA framework solves the 

shortest path problem with  a  proper  choice  of  the  

transition  rule. Next, as our application is in the 

clinical radiosurgery  planning, where manual 

segmentation of  tumors  are  carried  out on 

contrast enhanced T1-MR images by a radio-

oncology expert, we modify the CA segmentation 

towards the nature of the tumor properties 

undergoing radiation therapy by adapting relevant 

transition rules. Finally, a smoothness constraint 

using level set active surfaces is imposed over a 

probability map constructed from resulting CA 

states. Following a brief background on seeded 

segmentation methods in Section II,  we  present  

our  framework for brain tumor segmentation in 

Section III, and demonstrate its performance via 

validation studies on both  synthetic,  and  radiation 

therapy planning expert-segmented data sets in 

Section IV, followed by conclusions in Section V. 
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II. BACKGROUND 
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