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Segmentation of Spleen with Pathology from 
Abdominal MRI 

Antoniya Mihaylova

Abstract – The analysis of the medical images is very important 
for the future diagnosis of the specialists, but is often not an easy 
task and is time-consuming.  In this paper is proposed a semi-
automated method for segmentation of abdominal organ and its 
pathological formation. The segmentation method that is used is 
based on the “Active Contours Without Edges” by Chan and 
Vese, that ignores edges completely [1]. The advantages of the 
algorithm are in the fast speed results and the ability to extract 
not only the organ, but also untypical formations, if there are 
some. After the segmentation it is easier to make some 
measurement of the organ and its pathology.   
 

Keywords – Fast segmentation of spleen in MRI with 
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I.  INTRODUCTION 

The manual segmentation of the medical images is often 
time-consuming and requires the withdrawal of the attention 
of the specialist in medical imaging diagnostic. To improve 
this process is necessary to design and develop computer-
aided diagnosis (CAD) tools for medical images. An 
interesting and challenging task in this area is the 
segmentation of spleen MRI, segmentation of pathological 
formations in the spleen and measurements of the organ and 
the formations for better diagnosis for future medical 
manipulations or surgery.  The human spleen is the largest 
lymphoid organ in the body and its form and position is 
variable for each person. Because of the partial volume effect, 
the gray level of the spleen and grayscale similarity of the 
adjacent abdominal fat, spleen segmentation has always been 
a problem [3]. All of these make the segmentation of this 
organ not very easy task. Segmentation is a key preliminary 
step in many medical applications such as planning and 
follow-up procedures, here modeling patients’ organs is 
helpful for both visualization and quantitative measurements 
[13]. The size of the spleen is giving important information 
for the health of the human.  

The MR diagnostic is often a preferred technique for 
observation of the abdominal anatomy. MR imaging has been 
shown to enable accurate volumetric assessment of solid 
organs in humans [4]. By MRI contrast between the different 
soft tissues of the body is much greater than those by 
computed tomography (CT). This makes it especially useful 
for ontological (cancer) imaging.  

There are already a lot of methods for segmentation of 
abdominal organs, but most of them are for CT not for MR 
images. In a previous work (paper [8]) is made a classification 
of these various methods. According it there are three main 

classes of methods: gray level based, structure based and 
texture based. The method we use: “Active Contours Without 
Edges” by Chan and Vese is part of the gray level based 
methods. Gray level is the most obvious feature of image [5]. 
These method as all have their advantages and disadvantages, 
but the algorithm in this paper is combining the best steps to 
improve the gray level based method and achieve high 
accuracy and robustness.  

II. GRAY LEVEL BASED SEGMENTATION 

A. Active Contour Segmentation 

The segmentation based on active contour model of Chan 
and Vese is a gray level based method and is a special case of 
the Mumford–Shah function. Active contours, or snakes, are 
computer-generated curves that move within images to find 
object boundaries. Its 3D version is often known as 
deformable models or activesurfaces in literature [14]. 

We consider ƒ to be the given grayscale image on a domain 
Ω to be segmented. Mumford and Shah approximate the 
image ƒ by a piecewise-smooth function u as the solution of 
the minimization problem. Compared to the piecewise 
constant Mumford - Shah model, the key differences with the 
Chan - Vese model are an additional term penalizing the 
enclosed area and a further simplification that u is allowed to 
have only two values,  

                 (1) 

where C is the boundary of a closed set and c1, c2 are the 
values of u respectively inside and outside of C [1]. By the 
method of Chan – Vese the purpose is to find among all u of 
this from the one that best approximates ƒ, 
 

  (2) 
 

There are four terms; the first one penalizes the length, the 
second one – the enclosed area of C to control its size. The 
third and fourth are penalizing non-compliance between 
pricewise constant model u and input image ƒ. By fnding a 
local minimizer of this problem, a segmentation is obtained as 
the best two-phase piecewise constant approximation u of the 
image ƒ [1]. For the minimizer is needed minimalization over 
all set boundaries C. This is accomplished by applying the 
level set technique introduced by Osher and Sethian [1,9], 
where is used a level set function φ for a circle of radius r. 
The Dirac function δ, which is the gradient of the Heaviside 
function, penalizes long boundaries between the regions [6]. 
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B. Other Methods 

There are a lot of other gray level based methods, but most 
of them are too old, although they have already shown their 
potential. Such methods are Region Growing, Deformable 
models, Graph cuts, Clustering based, Threshold based, Level 
set, etc. The Region growing method is one of the most 
popular and studied methods for segmentation. It is also often 
very effective, but has of course its drawbacks. Most of them 
are related with the evaluation of the gray level of the target. 
The problem began when there is a big similarity between the 
target’s gray level and the backgrounds’ gray level. 

III. ALGORITHM FOR SEGMENTATION OF SPLEEN 
WITH PATHOLOGY IN MRI 

The Algorithm can be separated in two parts: Segmentation 
of the spleen and Segmentation of the tumor. The steps in the 
both parts are similar and are presented in Fig. 1. The second 
block in the diagram in Fig. 1 is with interrupted line because 
it is done only in the first part of the segmentation approach. 
In the first part we are starting with loading the original MRI 
of spleen with pathology. Then follows a preprocessing step, 
consist of contrast enhancement using CLAHE and filtration 
based on Homomorphic wavelet. The filter is chosen 
motivating of a previous investigation presented in paper [15]. 

 

 
Fig. 1. Algorithm for MRI splenic tumor segmentation 

 
After this we have to choose the specific parameters for the 

segmentation based on “Active contour without edges”. These 
are four parameters: mask – Initial rectanguler or polygonal 
ROI at which the evolution of the segmentation begins; n – 
Maximum number of iterations to perform in evolution of the 
segmentation; R – Radius of the location in pixels; Alpha – 
'Smooth Factor' – Degree of smoothness or regularity of the 
boundaries of the segmented regions; 

The region of interest (ROI) is chosen as close to the object 
as it is possible. Higher values of n are used if the initial 
contour position (specified by the region boundaries in mask) 
is far from the desired object boundaries. R is chosen 
according to the quality of the processed images and the 
visibility of the desired organ for segmentation. The preferred 
values for R are between 1 and 20. The lower values are used 
by good quality images, where the resolution is big and so is 
the processing time shorter. Alfa is set between 1 and 10. 
Higher values of Alpha produce smoother region boundaries 
but can also smooth out finer details. Lower values produce 
more irregularities (less smoothing) in the region boundaries, 
but allow finer details to be captured [1]. With the specified 
parameters is made the segmentation using the method 
described in the previous section. As a result we become an 
image with contoured spleen and a black and white image of 
the segmented organ. 

The second part consists of almost the same steps as by the 
first one. The difference is that there is no preprocessing step, 
because we use an image that is already processed and 
segmented once before. 

IV. EXPERIMENTS AND ANALYSIS 

The experiments with the proposed algorithm are made 
with 20 MRI abdominal images with spleen pathology in 
different stages. Two of them are chosen to represent the 
results of the experiments. The image in Fig. 2 is showing the 
original images from an examination of spleen pathology in 
early and advanced stage. Image (a) is in coronal plane and 
image (b) is in axial plane and represents the abdominal area 
in different weights: T2 for image A and T1 for images B-D. 
The experiments have shown that the results are better by 
image A in T2, so this image is used for the visualization in 
this paper. The size of image (a) on Fig.2 is 512x512 pixels 
and the size of image (b A) is 453x340 pixels. Both of them 
are in JPEG format. The experiments are made by computer 
simulation in MATLAB, version 8.1 environment by using of 
IMAGE PROCESSING TOOLBOXES.  

   
Fig. 2.  Image (a) is a Case courtesy of Dr David Preston, 

Radiopaedia.org, rID: 23771. (b) is an original complex MRI. A: In 
T2-weighted image, a well-circumscribed tumor (arrow) in the 

spleen; B-D: In T1 contrast-enhancement dynamic study 
  
    The obtained images in Fig. 3 are segmentation results from 
the image in Fig. 2 (a) with the proposed algorithm in the 
previous section with the following parameters: n = 100, 
R = 8 and Alpha = 1. The image is in coronal plane and the 
visibility of the spleen is hard, because of the adjacent organs, 
fat and ribs. However there are very good segmentation 
results. 
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Fig. 3. Images (a and c) represent the contour of the segmented 
spleen and tumor. Images (b and d) are binary images of the 

segments 

     The results from the experiment with the image in Fig. 2 
(b) are shown in Fig. 4. The segmentation parameters are set 
to: n = 30, R = 10 and Alpha = 1. The obtained images are 
showing very good smoothed and solid contour of the spleen 
and its pathological formation. 

 

  

  

Fig. 4. Images (a and c) represent the contour of the segmented 
spleen and tumor. Images (b and d) are binary images of the 

segments 

Beyond the visualization results, there is also a comparison 
of our method with another gray level based method – Region 
Growing. An example with the obtained images after Region 
Growing segmentation of the image in axial plane is shown in 
Fig. 5. The tests have shown that the Region Growing method 
is wares by segmenting the splenic tumor, because it consists 
of parts with very big intensity difference and as a result not 
the whole tumor is segmented. Also the segmentation of the 
whole organ is not very good, because some adjacent 
formations are also contoured and the original form is 
distorted. 

 

  
 

  

Fig. 5. Images (a) represents the contour of the segmented spleen 
with use of threshold for max. intensity difference 0.27 and (b) 

represents the contour of the segmented  tumor with use of threshold 
for max. intensity difference  0.05. Images (b and d) are  images of 

the segments 

For the comparison is also used the Dice similarity 
coefficient between the result images of the methods and the 
ground true (manual segmentation). The Dice Similarity 
difference is calculated based on the formula below: 

              (3) 

where Smanual and is the binary segment from the manual 
segmentation and Smethod is the binary segment from the used 
method. The obtained average values for all experiment 
images are presented in Table 1. The Table shows that the 
proposed method has the highest coefficient by both the 
spleen and the tumor. Also heir is made the conclusion that 
the pre-processing step as the filtration of the images is very 
important for the final segmentation results. 

TABLE I 
ACCURACY OF SEGMENTATION METHODS FOR THE SPLEEN AND THE 

TUMOR BASED ON DICE SIMILARITY DIFFERENCE 

 
Segmentation method with used 

images 
 

Spleen 
Dice 

coefficient 
(%) 

Tumor 
Dice 

coefficient 
(%) 

Active contour without edges with 
filtered images 

91.65 90.54 

Active contour without edges with 
unfiltered images 

74.29 86.58 

Region Growing with filtered 
images 

85.66 60.38 

For evaluation of the splenic malformation some 
measurements are made and a comparison with a segmented 
abdominal MRI of a healthy persons. This images are taken 
from a study of health in Pomerania (East Germany) (Fig. 6).   

(a) 
(a) 

(a) 

(b) 

(c) (d) 

(b) 

(c) (d) 

(b) 

(c) (d) 
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Fig. 6. Images (a) represent the contour of the segmented healthy 
spleen. Image (b) is a binary image of the segment 

For this part of the experiment the images were resized to 
the size of the images from the study, because they were 
originally very small (256x176 pixels). In Fig. 7 is shown the 
absolute difference between a segmented healthy spleen and a 
segmented unhealthy spleen. It is obvious that the sick one is 
much bigger. The size of the normal spleen is calculated with 
the Euclidian distance and for the visualized images in this 
paper is 49.35x60.83 pixels. Measurements are made in its 
brightest and its highest part. The size for the abnormal spleen 
is 71.49x106.43 pixels. The size of the splenic tumor is 
49.04x52.08 pixels. 

 

Fig. 7. Image (a) is the segment of the healthy spleen; image (b) is 
the segment of the sick spleen and image (c) shows the absolute 

similarity difference 

V. CONCLUSION 

In this paper is presented a semi-automated segmentation 
approach for splenic tumor based on “Active contours without 
edges” by Chan and Vese method. The experiments show that 
the robustness and the accuracy of it are very high. The Dice 
coefficient for the spleen segmentation is 91.65% and for the 
splenic tumor – 90.54%. As future work we are planning to 
develop the method to segment a whole sequence of MRI 
abdominal images with pathological formations, calculate the 
volume of the spleen and the tumor and make an algorithm for 
evaluation of the spleen abnormality and human health. 
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