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Abstract. The problem most frequently encountered in the practical processing of medical 
images consists in the lack of instruments enabling machine evaluation of the images. A 
typical example of this situation is perfusion analysis of brain tumor types. The first and very 
significant step lies in the segmentation of individual parts of the brain tumor; after 
segmentation, the rate of penetration by the applied contrast agent is observed in the parts. 
The common method, in which a high error rate has to be considered, is to mark these tumor 
portions manually. The quality of brain tissue segmentation exerts significant influence on the 
quality of evaluation of perfusion parameters; consequently, the tumor type recognition is 
also influenced. The authors describe classification methods enabling the segmentation of 
images acquired via magnetic resonance tomography. During the edema segmentation, we 
obtained the following data: sensitivity 0.78±0.09, specificity 1.00±0.00, error rate 0.45±0.24 
%, surface overlap 69.36±12.04 %, accuracy 99.55±0.24 %, and surface difference -
7.80±9.13 %. 
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1. Introduction 

The problem of brain tissue segmentation has been widely discussed in recent years, mainly 
owing to the fact that the understanding of information acquired via various tomographic 
methods is very important for the classification of tumors, monitoring of their development, 
and assessment of treatment efficiency. This paper presents the development of methods for 
the processing of images acquired via magnetic resonance tomography (MR), a technique that 
finds application in various disciplines of research, for example within medicine [1], [2], 
agriculture, or ecology [3], [4]. The aim of the described image processing is to secure brain 
tumor segmentation. The area of a brain tumor can be subdivided into the actual tumor, the 
inner necrotic section, and the edema surrounding the tumor. An exemplary image of a tumor 
and its part in one slice acquired via the MR technique is provided in Fig. 1. Here, the T2-
weighted image and the Turbo Spin Echo (TSE) sequence are applied to show the tumor; the 
slice thickness is 5 mm.All processed images were acquired in the Faculty Hospital in Brno 
Bohunice by the Philips Achieva MRI system (B0 = 1.5 T).  

At present, multi-parametric image analysis is frequently discussed within the scientific 
community [5]. This technique, even though it can be based on traditional segmentation 
methods (thresholding, active contours), exploits information obtained from more images or 
modalities at the same time. Another approach is to interpret image segmentation as the 
classification of multi-dimensional data. The problem of multi-parametric segmentation of 
MR images is described within several research reports, for example reference [6]. The 
authors of the report propose the segmentation of brain tissue into 15 classes; in each class, a 
model approximates the distribution of its parameters using Gaussian Markov random fields. 
For the actual segmentation, the T1, T2, Gd+T1-weighted images and perfusion images are 
applied. 
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Fig. 1. Brain tumor imaging based on 

MR tomography; a) the tumor, 
b) the necrosis, c) the edema. 

Fig. 2. a) a T1-weighted image of the tumor slice, 
 b) a diffusion weighted image (DWI) of the tumor slice. 

2. Methods for the Evaluation of Processing Quality 

The proposed methods will be evaluated via calculation of the following parameters: 
sensitivity Sn, specificity Sp, error rate Er, surface overlap OS, accuracy A, and surface 
difference DS. These parameters are defined as follows: 
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where nTP is the number of true positives, nTN is the number of true negatives, nFP is the 
number of false positives, nFN is the number of false negatives, pS(A) is the set of pixels inside 
the segmented area, and pS(R) is the set of pixels inside the ground truth area. 

3. Processing of the Test Images 

Description of the Proposed Method 
In order to facilitate segmentation of the tumor parts, we implemented a trainable approach in 
the RapidMiner environment [7], [8]. The image processing chain is shown in Fig. 3. 

 

Fig. 3.  The designed multi-parametric image processing chain. 
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The segmentation operator is realized via the Support Vector Machine (SVM) classification 
model with radial kernel (γ = 1.0). The aim of the classification is recognition of tumor kernel 
area, edema area and necrosis area in the healthy tissue. Thus, the segmentation process 
consists of two stages: training and testing. During the training, the pixels inside and outside 
the areas of interest (tumor kernel, edema and necrosis) are manually marked. The set of 
intensities at the marked points in the images (T1, T2, DWI) constitutes the training data of 
the model; then, the testing of the model is performed over the test images. 

Test Image Processing Results 
The segmentation results are shown in Fig. 4. The red outline indicates the brain tumor 
boundaries. The boundary of the surrounding edema is added to the brain tumor boundary. 
The areas of interest are clearly delimited by the outlines. 

   
Fig. 4.  Segmentation results for the 

tumor and edema; the ROI is 
marked by the white curve. 

Fig. 5.  Results of incorrect brain tumor segmentation realized by means
of the same SVM classification method and a single input image
(T2W left, T1W right). 

Figure 5 shows the results of brain tumor segmentation via the SVM approach in a single 
image. The left section of the figure presents the results of segmentation in the T2W image, 
and the right section exhibits the results obtained with the T1W image. Thus, the 
disadvantages of single-image segmentation are clearly illustrated. In the T2W section, the 
outline crosses the boundaries of the edema, whose intensity is very similar to that found in 
the vicinity of the tumor. In the T1W image, the edema is not visible; here, segmentation fails 
because of inhomogeneities inside the tumor area. 

Processing Quality 
The processing results obtained via the designed segmentation method were compared with 
the ground truth segmentation approach. The results acquired in individual slices are shown in 
Tab. 1. The table indicates the accuracy of segmentation performed on the surrounding 
edema. 

Table 1: Segmentation quality in the edema in several MR slices of the patient brain 

Slice Sn Sp Er [%] OS [%] A [%] DS [%] 
1 0.66 1.00 0.17 58.97 99.83 -23.36 
2 0.71 1.00 0.57 57.26 99.43 -4.28 
3 0.87 1.00 0.41 80.92 99.59 -4.90 
4 0.80 1.00 0.79 66.68 99.21 0.58 
5 0.88 1.00 0.30 82.97 99.70 -7.03 

mean value 0.78 1.00 0.45 69.36 99.55 -7.80 
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4. Conclusions 

The paper presents the principles and application of classification methods for MR image 
segmentation. The discussed segmentation method has been designed to separate individual 
parts of a brain tumor, namely the actual tumor, the surrounding edema, and the necrotic 
tissue.  The authors of this article describe a technique in which segmentation is interpreted as 
a set of multidimensional data. These data are then classified into pre-defined classes based 
on a training set. The training set is defined via manual marking of the images. Suitable 
metrics have been chosen to enable proper evaluation of both the similarity of the segmented 
area to the ground truth approach and the area location (degree of overlapping). During the 
edema segmentation, we obtained the following data: sensitivity Sn = 0.78±0.09, specificity 
Sp = 1.00±0.00, error rate Er = 0.45±0.24 %, surface overlap OS = 69.36±12.04 %, accuracy 
A = 99.55±0.24 %, and surface difference DS = -7.80±9.13 %. These values indicate lower 
sensitivity of the method as well as a lower level of segment overlapping. This fact partly 
follows from the quality of ground truth segmentation, which always brings a certain degree 
of inaccuracy; this characteristic of the technique manifests itself especially in cases when the 
regions are not clearly delimited (the brain edema in Fig. 1c is a typical example). The error 
can be suppressed via extending the image training database. 
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