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Abstract: The segmentation of brain tumor plays an important role in diagnosis, treatment planning, and surgical simulation. The 
precise segmentation of brain tumor can help clinicians obtain its location, size, and shape information. We propose a fully au-
tomatic brain tumor segmentation method based on kernel sparse coding. It is validated with 3D multiple-modality magnetic 
resonance imaging (MRI). In this method, MRI images are pre-processed first to reduce the noise, and then kernel dictionary 
learning is used to extract the nonlinear features to construct five adaptive dictionaries for healthy tissues, necrosis, edema, 
non-enhancing tumor, and enhancing tumor tissues. Sparse coding is performed on the feature vectors extracted from the original 
MRI images, which are a patch of m×m×m around the voxel. A kernel-clustering algorithm based on dictionary learning is de-
veloped to code the voxels. In the end, morphological filtering is used to fill in the area among multiple connected components to 
improve the segmentation quality. To assess the segmentation performance, the segmentation results are uploaded to the online 
evaluation system where the evaluation metrics dice score, positive predictive value (PPV), sensitivity, and kappa are used. The 
results demonstrate that the proposed method has good performance on the complete tumor region (dice: 0.83; PPV: 0.84; sensi-
tivity: 0.82), while slightly worse performance on the tumor core (dice: 0.69; PPV: 0.76; sensitivity: 0.80) and enhancing tumor 
(dice: 0.58; PPV: 0.60; sensitivity: 0.65). It is competitive to the other groups in the brain tumor segmentation challenge. Therefore, 
it is a potential method in differentiation of healthy and pathological tissues. 
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1  Introduction  
 

The segmentation of brain tumor plays an im-
portant role in diagnosis, treatment planning, and 
surgical simulation. It is important to develop a val-
uable and robust tool for brain tumor segmentation. 
Because of high spatial resolution and superior soft 

tissue contrast in magnetic resonance imaging (MRI) 
images, compared with computed tomography (CT) 
images, MRI images have been used widely in brain 
tumor segmentation for its non-invasion and harm-
lessness. Brain tumor segmentation is challenging 
due to the complex structure, fuzzy boundaries, and 
similarity in the intensities of abnormal and normal 
brain tissue regions. The corresponding segmentation 
methods can be classified into three categories based 
on the required degrees of human interaction 
(Olabarriaga and Smeulders, 2001), i.e., manual and 
semi-automatic/fully automatic segmentations. In 
practice, the segmentation of brain tumor is deline-
ated by experienced clinicians. It not only is time- 
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consuming, but also relies on subjective experience. 
Therefore, many researchers have devoted them-
selves to improve the accuracy and efficiency of 
semi-automatic and fully automatic segmentations on 
MRI images.  

The challenges of automatic brain tumor seg-
mentation have gained much attention. In the early 
stage, the segmentation methods can be threshold- 
based (Juergens et al., 2008; Taheri et al., 2010), 
region-growing-based (Rousson et al., 2004; Wang 
and Vemuri, 2004), or outlier-detection-based 
(Prastawa et al., 2004). A threshold-based method 
with one or more thresholds is simple and effective. 
The threshold values are usually estimated through 
local or global statistic properties such as mean in-
tensity values (Shanthi and Kumar, 2007) and the 
valley between the two modal peaks in a histogram. 
Due to the high complexity of brain structure and 
excessive intensity similarity in the edge of normal 
and abnormal brain tissues, the threshold-based 
method is usually used in the first step to determine 
the location of a brain tumor (Gibbs et al., 1996; At-
kins and Mackiewich, 1998). Region-based segmen-
tation approaches examine pixels in an image, and 
form disjoint regions by merging neighborhood pixels 
with homogeneity properties based on a predefined 
similarity criterion (Wong, 2005). Region growing 
has been proved to be an effective approach and used 
commonly (Mittelhäußer and Kruggel, 1995; Chong 
et al., 2004; Salman et al., 2005). The outlier detection 
framework proposed by Prastawa et al. (2004), which 
combines the model of the normal tissues and the 
geometric and spatial model of tumor and edema in 
T1 and T2 images, seems to be robust and promising.  

In these studies, the hand-designed features in-
cluding intensity and texture have been used, which 
has greatly influenced the segmentation performance. 
An alternative approach is to learn potential features 
from the original dataset directly. Sparse coding has 
been shown to be promising in brain tumor classifi-
cation by learning over-complete dictionaries that 
facilitate a sparse representation of the MRI images  
as a linear combination of a few atoms (Duarte- 
Carvajalino and Sapiro, 2009). 

In contrast to previous studies, we present a 
voxel-based sparse representation approach for au-
tomatic brain tumor segmentation from three- 
dimensional (3D) MRI images. It performs clustering 

analysis based on dictionary learning, where the fea-
tures are extracted directly from MRI images. Due to 
the high similarity between healthy and non-healthy 
tissues, kernel trick is adopted to map the low-level 
features into a high-dimensional space. Finally, the 
performance of the proposed method is evaluated 
with a dataset from the brain tumor segmentation 
(BRATS) challenge of BRATS 2015. 

 
 

2  Materials 
 

The MRI dataset used in this study is obtained 
from BRATS 2015 challenges in conjunction with the 
MICCAI 2015 conference. The BRATS 2015 training 
dataset is available from the virtual skeleton database 
(VSD) (Kistler et al., 2013; Menze et al., 2015), 
which consists of multi-contrast magnetic resonance 
(MR) scans of 274 patients (220 high-grade tumors 
and 54 low-grade tumors), while the testing dataset 
contains 110 subjects with low-grade glioma (LGG) 
and high-grade glioma (HGG). For each patient, 
T1-weighted, contrast enhanced T1 (T1C) weighted, 
T2-weighted, and T2-FLAIR-weighted (fluid- 
attenuated inversion recovery) images are provided, 
which have been skull-stripped, linearly co-registered, 
and interpolated to 1-mm isotropic resolution.  

The ground-truth images are segmented manu-
ally for five different classes by experienced special-
ists: one for necrosis, two for edema, three for 
non-enhancing tumor, four for enhancing tumor, and 
zero for everything else.  

The BRATS challenge also provides an online 
evaluation system to upload and assess the perfor-
mance of brain tumor segmentation. Dice score, pos-
itive predictive value (PPV), sensitivity, and kappa 
are used for the evaluation of complete tumor, tumor 
core, and enhancing tumor MRI images. 

 
 

3  Methodology 

3.1  Procedure of brain tumor segmentation 

The brain tumor segmentation based on the 
voxel level can be considered as a classification 
problem. It includes image pre-processing, kernel 
dictionary learning, feature extraction, kernel sparse 
coding, and classification. However, it is not efficient 
enough to classify all the voxels of a full MRI volume 
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with size 240×240×150 in a normal personal com-
puter using the sparse coding method. After 
pre-processing, we first deploy the k-means algorithm 
on T1-, T2-, and T2-FLAIR-weighted MRI images to 
cluster all the voxels and select the probable region 
R1 (label 0+1+2+3+4) that fully covers the tumor 
area and excludes the majority of normal tissues. 
Then the k-means clustering algorithm is performed 
on contrast enhanced T1- and T1C-weighted MRI 
images to determine the probable enhancing tumor 
region R4 (label 4) within R1, which is smaller than 
the truthful enhancing tumor region. In the end, re-
gions R1–R4 are segmented precisely using the ker-
nel sparse coding method based on four-modality 
MRI images. The schematic of the proposed method 
is shown in Fig. 1. 

 
 
 
 
 
 
 

 
 

 

3.2  Pre-processing 

Generally, pre-processing is an active part in 
MRI brain tumor segmentation for enhancing and 
correcting MRI images. In recent studies, denoising, 
skull stripping, and bias field correction for intensity 
inhomogeneity have been used commonly. The win-
ner group (Tustison et al., 2013) in BRATS 2013 
removed 1% of the highest and lowest intensities.  

The pre-processing of our method includes three 
steps. First, we normalize MRI images to grayscale 
with the range of 0–255. Second, a 3D median filter 
with a kernel size of 3×3×3 is used to remove the 
noise. Third, a binary mask is created to select voxels 
of valid brain tissues whose intensities are larger than 
zero, to exclude the invalid data during matching. 

3.3  Probable tumor region extraction 

The intensity level of voxels in the complete 
tumor tissues is higher than those in the normal ones 
in FLAIR-weighted modalities, while it is the same as 
those in enhancing tumor tissues in T1C. 

In this study, we perform the k-means clustering 
algorithm on T1-, T2-, and T2-FLAIR-weighted MRI 
images to detect the full tumor region roughly, which 
can cover the precise tumor area completely. This step 
is followed by morphological operations to fill in the 
holes and extend the edges within the probable area. 
Thereafter, the same algorithm is performed on T1 
and T1C MRI images within the area obtained in the 
previous steps to obtain the probable enhancing tumor 
region, which is smaller than the truthful enhancing 
tumor region. Comparison of MRI images before and 
after pre-processing is shown in Fig. 2. 

 
 
 
 
 
 
 
 
 
 
 
 
As shown in Fig. 3, k-means clustering divides 

the MRI data into five classes, and then each con-
nected area of every class is marked. This can obtain 
N groups (clustering) in X1. Next, the class that has 
the maximum clustering center value is extracted in 
FLAIR-weighted MRI, which is labeled as R0 and 
can cover the tumor region. R1 is obtained through 
morphological filtering on R0. Though two classes 
X2 are clustered using T1- and T1C-weighted MRI 
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Fig. 1  Schematic of the proposed method for brain tumor 
segmentation 

Fig. 2  Comparison of magnetic resonance imaging (MRI)
images before and after pre-processing 
FLAIR: fluid-attenuated inversion recovery 

Fig. 3  Procedure of probable tumor region extraction
FLAIR: fluid-attenuated inversion recovery. Yellow region 
represents label 2, blue region represents label 4, and green 
region represents label 1+3. References to color refer to the 
online version of this figure  
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images based on the results of the first rough seg-
mentation R1, the class that has the maximum clus-
tering center is considered as the probable enhancing 
tumor area R4. 

 
 

4  Kernel sparse representation with dic-
tionary learning 

4.1  Sparse coding 

Sparse coding has been used widely in image 
understanding and signal processing such as image 
denoising (Hyvärinen et al., 1999; Elad and Aharon, 
2006a, 2006b; Zeyde et al., 2012), compressive 
sensing (Bryt and Elad, 2008), image restoration 
(Mairal et al., 2008, 2009; Yang et al., 2009; Dong  
et al., 2011), and audio processing (Sivaram et al., 
2010; Grosse et al., 2012), and can be interpreted as a 
sparse linear combination of a few basis vectors. The 
basic principle of sparse representation is represented 
as  

 

,D  y x n                         (1) 
 

where my  is an input vector, kmD   is a set of 

basis vectors which is solved as a dictionary-learning 

problem, and mn  is a vector of white noise. 
Sparse representation is to solve y≈D·x and obtain 

sparse coding .kx  The objective function is 
written as  
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also a convex problem called ‘basis pursuit’ (Chen  
et al., 2001). 

Given a data sample ,m ny  function (2) can 

be rewritten as 
 

2

F 1,
1

1
min ,

2

n

i
i

D


  
D X

Y X x               (3) 

 

where ,k nX  and ||·||F is the Frobenius norm, 

which can be calculated as a convex optimization 
problem. 

4.2  Kernel sparse coding 

Sparse coding is a linear model, but not all the 
features are discriminative in the linear space. 
Therefore, the nonlinear similarity between the atoms 
can be taken by using kernel trick. This can be solved 
by mapping the data samples in the original space   
into a higher-dimensional feature space ψ(·) with a 

nonlinear transform : ( ) y y . Finally, we can 

obtain the kernel sparse representation for Eq. (1) as 
 

( ) ( ) .D   y x n                     (4) 
 

The related sparse constraint is 
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To make the kernel function work, the kernel 

function should be symmetric positive semidefinite 
according to Mercer’s theorem (Cristianini and 
Shawe-Taylor, 2000). A Hilbert space with repro-
ducing kernel K(·) will be deployed since the simi-
larity between two sample vectors (y1 and y2) can be 
measured by inner product, noting that K(yi, yj)= 
ψ(yi)

Tψ(yj). In this study, the form of radial basis 

function (RBF) kernel  2

2
exp( , )i j i jK   y y y y  

is used to obtain nonlinear similarity. 

4.3  Dictionary designation 

Dictionary learning can be considered as learn-
ing sets of over-complete basis to represent data effi-
ciently. In this subsection, the kernel dictionary 
learning methods based on a clustering learning al-
gorithm (He et al., 2009; Thiagarajan et al., 2011) can 
be presented with constraint ||Xi||0≤1. The procedure 
is based on the theory that every atom can be ex-
pressed by a linear combination of the other atoms in 
kernel space ψ(·), attempting to fit K 1D subspaces to 
the data samples. The clustering procedure can be 
divided into two phases, clustering assignment and 
clustering update. It can be solved by 

 
2

F
min ( ) ( )   s.t. 1.iD  

X
Y X x           (6) 

 
Let ψ(Y)=(ψ(y1), ψ(y2), …, ψ(yn)) be the feature 

vector matrix of n data samples, and ψ(D)=(ψ(d1), 
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ψ(d2), …, ψ(dK)) be an mK kernel dictionary matrix, 
which consists of K atoms and each atom represents 
the basis of every voxel in the MRI images, where 
K<<n.  

To compute sparse coding X=(x1, x2, …, xn) 
k n  s.t. ||xi||0≤1 (i=1, 2, …, n), dictionary D should 

be trained first. In clustering assignment, dictionary D 
is initiated by random selection from data samples Y 
with a large size K. Define K membership sets 

1{ } ,K
k k   where k  contains the vectors of Y that 

belongs to the kth cluster. Then compute the similarity 
between ψ(yi) and each atom of ψ(D) as k(yi, D)= 
ψ(yi)

Tψ(D). If the kth atom of ψ(D) results in the 
maximum absolute correlation, index i is placed in set 

.k  In the clustering update phase, each atom dk in D 

is related to a cluster center of k . Assuming that P 

elements are contained in ,k  updating dictionary D 

can be resolved by solving 
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which will result in a maximum intra-class similarity. 
Now we can resolve sparse coding by solving 
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where c is the number of the clustering centers.  
The dictionary learning procedure is shown in 

Algorithm 1. 
 

Algorithm 1    Kernel clustering dictionary learning 

Input: Given a dataset 1
1{ } ,m n

i i


 Y y  set the number of 

dictionary atoms k. 

Output: dictionary .m kD   
Initialize: Select k objects from Y as dictionary atoms  

randomly. 

1     Initialize dictionary kmD   with these k atoms; 

2     Set 1{ } ,K
k k   where k  contains the vectors of all 

data samples Y that belong to the kth cluster; 
3       do loop 
4       for i=1 to n  
5          Compute similarity k(yi, D)=ψ(yi)

Tψ(D); 
6          if the kth atom of k(yi, D) is the maximum 
7          then set the index i to ;k  

8       end for 
9       Update the dictionary atom dk:  

      
( )

T

1

max ( ) ( );
k i

k

p

k
i
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d
d  

10     until no change in dictionary D. 

 
4.4  Implementation for precise segmentation 

The pre-processed MRI images are segmented 
with kernel sparse representation. The procedure is 
shown as follows: 

Step 1: A patch of 333 around the voxel is 
extracted as feature vectors, combining voxel inten-
sity and local gray intensity information.  

Step 2: RBF  2

2
exp 0.3( , )i j i jK  Y Y Y Y  is 

deployed on the feature vectors to map the feature 
vectors from the original space into a high- 
dimensional space. 

Step 3: A clustering method based on sparse 
representation described above is used to learn the 
five dictionaries (D0 refers to normal tissues, D1 refers 
to necrosis, D2 refers to edema, D3 refers to non- 
enhancing tumor, and D4 refers to enhancing tumor) 
that are performed only once. 

Step 4: Kernel sparse codes 0 1 2 3 4, , , ,i i i i ix x x x x  for 

each voxel yi are computed for further classification. 
They depend on the approximation differences among 
different dictionaries.  

Step 5: A linear classifier is used to train and 
classify the voxels based on the reconstruction error： 

 
2 20 1

0 12 2

2 2 22 3 4
2 3 42 2 2

, ,

, , .

i i i i i

i i i i i i

D D
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Feature y x y x
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    (9) 

 
The model for classification can be defined by a 

five-fold cross-validation dataset during the training 
phase. 

4.5  Post-processing 

There are still some voxels misclassified in the 
segmentation results, leaving one or more holes 
within the tumor region. Due to its single connected 
area in a tumor region, a post-processing technique is 
applied to fill in the area among multiple connected 
areas. Morphological operation is performed on the 
segmented image. 
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5  Evaluation 
 

We evaluate the proposed brain tumor segmen-
tation method with the BRATS 2015 training and 
testing datasets. To assess the performance of our 
segmentation, the segmentation results are uploaded 
to the online evaluation system, where the dice score, 
PPV, sensitivity, and kappa are used. Their definitions 
are listed as follows: 
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 (13) 

 
where G indicates the ground-truth labels, S the pre-
dicted results, G0 and G1 the ground-truth labels for 
negative and positive, respectively, and S0 and S1  
the predicted labels for negative and positive,  
respectively. 

Three different tumor sub-compartments are 
provided for evaluation of the segmentations: 

Region 1: complete tumor (labels 1+2+3+4); 
Region 2: tumor core (labels 1+3+4); 
Region 3: enhancing tumor (label 4). 
 
 

6  Experiments and results 
 

We conducted our experiments on the BRATS 
2015 dataset. 50 HGG and 20 LGG subjects were 
adopted to develop our algorithm. The remaining 170 
HGG subjects, 34 LGG subjects, and the testing  
dataset containing 110 subjects were kept for  
evaluation.  

The proposed method of brain tumor  

segmentation was implemented in a personnel com-
puter (Matlab 2015, Windows 7 64-bit system, 4 GHz 
I-7 CPU, 32 GB RAM). 

6.1  Influence of patch size 

The patch size is related to nonlinear similarities 
in different feature vectors and the number of dic-
tionary atoms. Generally, the number of atoms K 
would be larger than that of the dimensions of feature 
vectors. Since the patch size of 3×3×3 has good per-
formance and the patch sizes of 5×5×5 and 7×7×7 are 
not efficient or discriminative in our experiment, in 
the whole study we used the patch size of 3×3×3. 

6.2  Influence of the number of dictionary atoms 

In the dictionary learning phase, larger image 
patches and a larger number of dictionary atoms K 
lead to a higher computation cost. To study the rela-
tionship between accuracy and the number of atoms, 
synthetic datasets that have less variability in inten-
sity and fewer artifacts than real images were used, 
while rough extraction was not included in this phase. 

In the experiment, the patch size was 3×3×3. To 
explore the optimal value of K, a series of the number 
of dictionary atoms K{2, 4, 8, 16, 32, 64, 128, 256, 
512} were tested. 

As shown in Fig. 4, the accuracy grows notice-
ably with the increase of dictionary atomic number K 
until K reaches 128, where the accuracy grows 
scarcely thereafter. Therefore, K=128 was chosen as 
the optimal value in our experiments. 
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Fig. 4  Relationship between the number of dictionary 
atoms K and segmentation accuracy 
Results were obtained using a patch size of 3×3×3 for a com-
plete tumor region 
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7  Segmentation results 
 

Table 1 summarizes the performance of the 
proposed method with various evaluation metrics 
using the BRATS 2015 training datasets. 

Table 2 summarizes the performance of our 
method and the published rankings of the BRATS 
competition with the state-of-the-art methods. 

The segmentation results using kernel sparse 
coding are shown in Fig. 5, where some slices of four  

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 

subjects including the original MRI images, the 
ground truth, and corresponding segmentation results 
are shown. 
 
 
8  Discussions 

 
In this paper, we have proposed a brain tumor 

segmentation method based on kernel sparse coding. 
This method includes MRI image dataset pre- 
processing, feature extraction, dictionary learning, 
image sparse representation via sparse coding, and 
linear discrimination. Compared with other segmen-
tation methods, such as region growing and deep 
learning (Rathi and Palani, 2015), the proposed 
method is competitive to the other groups in the 
(BRATS) challenge. Besides, to finish a fully auto-
matic brain tumor segmentation in a personal com-
puter, our method needs only about 40 s. It can 
achieve high segmentation accuracy with less time.  

Generally, it is difficult for the conventional 
segmentation methods to achieve good results in 
brain tumor segmentation (Liu et al., 2014; Menze  
et al., 2015). The state-of-the-art methods are usually 
based on the pixel level, and can also be considered as 
a clustering or classification problem (Salman 
Al-Shaikhli et al., 2015).  

Because of the spatial volume effect in MRI 
images, the performance of pixel-level methods based 
on information of 2D images is limited. Some re-
searchers have used the volumetric (3D) image  

Table 1  Average results of 204 subjects of the brain tumor segmentation (BRATS) 2015 training datasets for valida-
tion, including 170 HGG and 34 LGG 

Grading 
Dice PPV Sensitivity 

Kappa
Complete Core Enhancing Complete Core Enhancing Complete Core Enhancing 

HGG 0.85 0.75 0.82 0.96 0.73 0.82 0.74 0.80 0.83 1.00 
LGG 0.79 0.63 0.71 0.84 0.59 0.78 0.81 0.77 0.68 1.00 

HGG: high-grade glioma; LGG: low-grade glioma; PPV: positive predictive value 
 

Table 2  Ranking of the brain tumor segmentation (BRATS) challenge with state-of-the-art methods 

User 
Dice PPV Sensitivity 

Complete Core Enhancing Complete Core Enhancing Complete Core Enhancing
Oskar 0.84 0.66 0.39 0.84 0.70 0.47 0.85 0.72 0.43 
Sergio 0.87 0.73 0.68 0.89 0.74 0.72 0.86 0.77 0.70 
S. Reza 0.81 0.66 0.71 0.95 0.82 0.78 0.73 0.61 0.75 
Dongjin 0.86 0.79 0.59 0.88 0.84 0.60 0.86 0.81 0.63 
Axel 0.85 0.74 0.68 0.85 0.74 0.62 0.85 0.78 0.77 
Proposed 

method 
0.83 0.69 0.58 0.84 0.76 0.60 0.82 0.80 0.65 

PPV: positive predictive value 

 
Fig. 5  Subjects from the brain tumor segmentation 
(BRATS) 2015 training dataset 
FLAIR: fluid-attenuated inversion recovery. The color coding 
is: yellow region refers to edema, green region refers to ne-
crosis and non-enhancing tumor, and blue region refers to
enhancing tumor. References to color refer to the online 
version of this figure 
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information in segmentation. Fletcher-Heath et al. 
(2001) and Wu et al. (2012) used 3D connected 
components to build the tumor shape. The conditional 
random fields provide a way to integrate spatial in-
formation into the clustering or classification process 
(Held et al., 1997; Ruan and Bloyet, 2000; Ahmad-
vand and Daliri, 2015).  

Thiagarajan et al. (2014) developed a k-line 
clustering algorithm for sparse coding in brain tumor 
segmentation combining location and intensity fea-
tures. Salman Al-Shaikhli et al. (2015) adopted the 
k-means-generating spare vector dictionary (K-SVD) 
method for brain tumor classification, using topo-
logical and texture features to learn the dictionary. 
Kong et al. (2016) presented a denoising method 
based on sparse representation for 3D diffusion tensor 
imaging by learning adaptive dictionary with the 
context redundancy between neighbor slices, and 
evaluated it on both simulated and real datasets. Nasir 
et al. (2014) used sparse coding methods to not only 
classify brain tumor into eight different categories but 
also detect their existence. Tong et al. (2013) pro-
posed a fixed discriminative dictionary learning for 
segmentation (F-DDLS) strategy to learn a dictionary 
and perform segmentation online using discrimina-
tive dictionary learning and sparse coding techniques.  

In terms of segmentation performance, the fol-
lowing factors should be taken into account in brain 
tumor segmentation: The pre-processing techniques 
are important in the preparation of MRI images, be-
cause they can reduce noise and correct non- 
uniformity within each MRI image. In our experi-
ments, we used a 3D median filter on the input 
four-modality MRI images to enhance the segmenta-
tion results. The samples for training dictionary also 
have an impact on accuracy. The samples with little or 
no noise could achieve a high accuracy. Conversely, 
selecting samples randomly from multiple MRI im-
age datasets would achieve unbiased samples. This is 
an alternative trick to obtain a strong dictionary.  

The choice of features has a great influence on 
the segmentation results. Some studies have shown 
that texture and other high-order statistical features 
can improve the performance of segmentation 
(Sachdeva et al., 2013; Sompong and Wongthanavasu, 
2014). In our future study, the proposed method can 
also be extended by using high-order statistical fea-

tures instead of performing the dictionary learning 
algorithm on the voxels.  

There is also a potential linear correction among 
different modalities of MRI images. Some researchers 
(Dvořák and Menze, 2015; Juan-Albarracin et al., 
2015) focused on the fusion of multiple modalities in 
T1-, T2-, T1C-, and T2-FLAIR-weighted MRI im-
ages, aiming at improving the expression ability of 
tumor characteristics. 

The dictionary learning method using intensity 
of the voxel and its neighbor information has im-
proved the results by kernel tricks, considering the 
nonlinear similarity, whereas the simple linear dis-
crimination has difficulty in classifying the voxels 
between healthy and pathological tissues in some 
special cases. Other classifiers can also be used, such 
as extremely randomized trees and support vector 
machine (SVM). 

It is a promising method to improve the seg-
mentation performance by enhancing the expression 
ability of effective features in the future. We can ex-
tend the proposed method to consider not only the 
relationship between multimodal MRI images but 
also the correlation in labels. 

 
 

9  Conclusions 
 

Fully automatic brain tumor segmentation can 
improve the diagnosis efficiency and reduce the job 
intensity of physicians. It is an important application 
of computer-aided diagnosis (CAD). The segmenta-
tion based on the pixel level has been considered as a 
classification problem. Thus, the feature choice, ex-
pression, and mapping can influence the classification 
capabilities. The proposed method extracts the non-
linear features of MRI images through kernel dic-
tionary learning and sparse coding performed on the 
feature vectors. In the end, morphological processing 
has been used to fill in the area among multiple con-
nected components to improve the segmentation 
quality. Experiment results suggested that the pro-
posed method has better capacity and higher seg-
mentation accuracy with low computation cost. 
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