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Abstract. A method is presented to segment brain tumors in multiparametric MR images via robustly propagating reliable statistical tumor information which is extracted from training tumor images using a
support vector machine (SVM) classiﬁcation method. The propagation
of reliable statistical tumor information is implemented using a graph
theoretic approach to achieve tumor segmentation with local and global
consistency. To limit information propagation between image voxels of
diﬀerent properties, image boundary information is used in conjunction
with image intensity similarity and anatomical spatial proximity to deﬁne weights of graph edges. The proposed method has been applied to
3D multi-parametric MR images with tumors of diﬀerent sizes and locations. Quantitative comparison results with state-of-the-art methods
indicate that our method can achieve competitive tumor segmentation
performance.

1

Introduction

Reliable segmentation of brain tumors from MR images is of great importance
for surgical planning and therapy assessing. Diligent eﬀorts have been made to
achieve time-eﬃcient, accurate, and reproducible tumor segmentation. It however remains a challenging task to achieve robust segmentation as brain tumors
diﬀer much in appearance, location, size, and shape.
Many methods have been proposed for tumor image segmentation in the literature, including supervised classiﬁcation methods, unsupervised clustering methods, and active contour methods. Supervised classiﬁcation methods [8,10,14,16]
perform image segmentation using classiﬁers built on training data with assumption that the statistical information extracted by the classiﬁers from the training
data can cover testing data. Their performance therefore relies on the consistency
between the training and the testing data. Due to imaging noise and patient
anatomy diﬀerence, discrepancy inevitably exists between the training and testing data, which often leads to degraded segmentation performance. Rather than
relying on the training data, unsupervised methods [1, 6, 9, 13, 15, 17, 18, 26] perform segmentation by partitioning the image to be segmented using its speciﬁc
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intensity information. These methods may alleviate the problem of image intensity variability; however they often require an appropriate number of clusters
to be assigned to achieve a good performance. Unlike aforementioned methods,
the active contour methods perform image segmentation utilizing both image
intensity and geometrical information of objects to be segmented [2,7,12,24,28].
Rather than performing tumor segmentation within the existing frameworks,
we propose a fully automatic method by utilizing reliable statistical tumor information obtained from a support vector machine (SVM) classiﬁer to guide
a graph theory based tumor segmentation. The key elements of the proposed
approach are: 1) a statistical model is built upon training images with labeled
tumors using SVM to provide reliable statistical tumor information for images
to be segmented [4]; 2) a graph theoretic semi-supervised learning approach is
utilized to propagate the reliable statistical tumor information to all the image space with local and global consistency [27]; 3) a robust “edge stopping”
function is adopted to embed image boundary information in the graph edge
weight measurement for limiting information propagation between image voxels
of diﬀerent properties [3]. The proposed method has been applied to brain tumor
segmentation of 3D multi-parametric MR images. Quantitative experiment results indicate that our method can achieve promising segmentation performance.
Extensive validation experiments also demonstrate our method’s robustness to
its parameters.

2

Methods

The tumor segmentation is implemented as a semi-supervised learning problem
with guidance of reliable statistical tumor information obtained from a SVM
classiﬁer built on available training data.
2.1

Graph Theoretic Approach for Semi-supervised Segmentation

Graph theory based segmentation approaches model the image to be segmented
as a graph G(V, E) where each node of V corresponds to a voxel of the image
and each edge of E connects a pair of voxels and is associated with a weight of
pair-wise voxel similarity. With the graph theory based image representation, the
image segmentation problem is solved by assigning diﬀerent labels to graph nodes
and can be performed by methods like graph cut and random walks [11,22,25]. To
best utilize statistical tumor information of training data and alleviate problems
of inter-image intensity variability, we adopt a semi-supervised graph theoretic
approach that is able to propagate labeling information of a small number of
graph nodes to unlabeled nodes with local and global consistency [27].
Given labeling information of a small number of graph nodes, labels of the
graph’s nodes can be predicted by exploiting the consistency between nodes
based on the cluster assumption that nearby nodes or nodes on the same structure are likely to have the same label [5,27]. The labeling problem can be solved
by minimizing a cost function within a regularization framework [27]:
Q(F ) = F T (I − S)F + μ(F − Lini )T (F − Lini )

(1)
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where I is an identity matrix and S is the normalized edge weight matrix, F
is the segmentation label vector and Lini is the initial label vector. The ﬁrst
term of Eq. (1) is a local consistency constraint to encourage nearby nodes to
have similar labels, and the second term measures the consistency between the
labeling result and the initial labeling information. These two terms are balanced
by the parameter μ to achieve a labeling with local and global consistency. The
minimization of Q(F ) can be achieved using an iterative procedure which has
been demonstrated to converge to the optimal solution [27]:
F m+1 = (1 − α)SF m + αLini

(2)

where F k is the updated label information at the k-th iteration, F 0 is equivalent
to the Lini , 0 < α < 1 is a parameter related to μ, trading oﬀ the information
from the initial labeling and the prediction results. This iterative procedure can
be regarded as label information propagation. At each iteration, every node absorbs the label information from other nodes and retains partial label information
of its initial state. The label information is updated until convergence and each
node is assigned to the class from which it receives the most information.
It is worth noting that label information of nodes is updated by the spread of
label information of other nodes according to their corresponding edge weights.
For a successful segmentation it is critical to get properly deﬁned edge weights
and a few reliably labeled nodes.
2.2

Robust Edge Weight Measurement

As the propagation based learning strategy achieves the labeling via spreading
the available labeling information according to pair-wise edge weights, the edge
weight measurement plays an important role in the segmentation. Typically, only
the image intensity similarity and spatial proximity are taken into account in
the edge weight measurement [22]. However, in tumor MR images, the overlap
between the intensity range of healthy tissues and that of tumors always exists
and the locations of tumors vary much. The image intensity information and
spatial proximity might not be able to distinguish tumor from healthy tissues
very well. To mitigate this problem, we incorporate image boundary information
into the edge weight computation:
g
wij = eIij × eL
ij × eij

(3)

where eIij and eL
ij are measures of image intensity similarity and spatial proximity,
egij is an image boundary information term, i and j are diﬀerent nodes in the
graph.
The image similarity and spatial proximity terms eIij and eL
ij are deﬁned as
[22]:
2
2
(4)
eIij = e−Fi −Fj  /σF
eL
ij =



e−Li −Lj 
0

2

2
/σL

if  Li − Lj  < r
otherwise

(5)
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where Fk refers to the image intensity vector of the voxel (node) k, Lk is the
spatial location of the voxel (node) k, σF and σL are free parameters controlling
scales of the kernels. The neighborhood size of each node is controlled by the
parameter r, edge weight is set to 0 for any pair of nodes that are more than r
apart.
The image boundary information is embedded in an “edge stopping” function
which could be any monotonically decreasing function to make it robust to image
noises [3]. In particular, we use a function based on Turkey’s biweight robust
estimator for embedding image gradient information between nodes and the
image boundary information term is deﬁned as:
1
[1 − (Gij /σg )2 ]2 if Gij ≤ σg
(6)
egij = 2
0
otherwise
where Gij is the maximum image gradient magnitude along the i-j direction
between voxels i and j, and σg is a free parameter controlling the spatial scale of
the function. The gradient magnitude of images with a vector value at each voxel
is calculated as the diﬀerence between the maximal and minimal eigenvalues in a
principle component analysis of the partial derivatives as described in [21]. The
value of σg can be estimated using robust statistics [3]. This term works as an
indicator to the presence of an image boundary between voxels i and j. A small
value of egij means the probability that voxels i and j are located in the same
region is low and the information propagation between them should be limited.
The egij term makes the parameter selection in the edge weight calculation more
stable as it tries to constrain the information propagation between nodes from
diﬀerent objects. The “edge stopping” function involves the computation of image gradient and searching for the maximum gradient along the line inbetween
voxels i and j within the neighborhood.
2.3

Label Initialization Using Reliable Statistical Information

To get guidance information, i.e., a number of labeled voxels, we adopt a supervised classiﬁcation method that has been shown capable of achieving promising
tumor segmentation performance [14]. However, due to the discrepancy between
training and testing data, the supervised classiﬁcation segmentation method
does not work well for testing data not well covered by the training information. Therefore, we select voxels with the most reliable classiﬁcation results to
initialize our graph theory based segmentation.
To build a classiﬁer for tumor segmentation, a SVM based strategy is adopted
[14]. In particular, a support vector machine (SVM) classiﬁer with probabilistic
outputs is built on intensity information of multi-parametric images and the
training data are obtained from labeled tumor images [4, 14]. Each voxel of a
multi-parametric image contains vector valued intensity information. Elements
of the vector valued intensity information are scaled to be distributed in [0, 1]
separately after multi-parametric images are spatially aligned and their bias
ﬁelds are corrected [14]. The intensity normalization is implemented globally and
does not change the relative contrast of tumors in the image. For each voxel, the
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feature vector used in classiﬁcation consists of image intensity information of all
voxels in its spatial neighborhood [14]. Gaussian radial basis function kernel is
used in the SVM classiﬁcation and the classiﬁcation parameters are tuned using
cross-validation.
When applied to testing images, the SVM classiﬁer provides each voxel a label
indicating tumor or healthy tissue and a probability measure indicating the reliability of the classiﬁcation. Based on the probability measure, we select voxels
(nodes) with tumor or healthy tissue probability measure higher than a threshold as the candidates for the label initialization. In particular, small connected
regions containing only a small number of voxels are abandoned. In order to enhance the reliability of the initial labeling, outliers are further excluded from the
candidate set. The outliers are voxels whose intensities are far from the robust
means estimated from the candidate samples using the Minimum Covariance
Determinant estimator [20] for tumor and normal tissues respectively. All the
remaining candidates are selected as the initial labels.
According to this label initialization, the tumor segmentation is obtained
by propagating the reliable statistical tumor information to all other unlabeled
nodes in the graph based on the edge weight deﬁned in Section 2.2. The main
procedure of our method is summarized as:
1. A SVM classiﬁer is built on the training data of multi-parametric MR
images with both tumor and healthy tissues.
2. Testing multi-parametric MR image is segmented using the SVM classiﬁer, and initial label information is determined using the selection procedure
described above.
3. Construct a weighted graph based on the image to be segmented.
4. Iterate F m+1 = (1 − α)SF m + αLini until convergence.

3

Experimental Results

The method is validated on both UCNIA simulated brain tumor MR images [19]
and real MR images with tumors of diﬀerent sizes and locations.
3.1

Evaluation on UCNIA Simulated MR Images

Five subjects are available in the dataset with tumor segmentation ground
truth, each of them having T1-weighted, T2-weighted and contrast enhanced
T1-weighted MR images. Non-brain parts of these images are removed prior to
the segmentation using the mask generated based on the probability map of brain
tissues available in the dataset. However, the non-brain parts of head images can
also be removed using publicly available software packages in conjunction with
manual editing.
The image data of one subject is selected as the training data for building
a SVM classiﬁer, and other subjects are used as the testing data. The image
intensities of the testing images are globally scaled to have a similar distribution
to the training data using a histogram-match method, which is accomplished by
mapping intensities through intensity cumulative distribution function (CDF)
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of the source image and the CDF of the training image. Spatial neighborhood
with a size of 3 × 3 × 3 is used to get features for the SVM classiﬁcation and the
parameters of the SVM classiﬁer are optimized by a 5 fold cross-validation. The
constructed SVM classiﬁer is then applied to the testing images and classiﬁcation results are used for label initialization. In particular, voxels with healthy
tissue probability higher than 0.999 are treated as label initialization candidates.
As the tumor probability from the SVM classiﬁcation varies much due to the
inter-subject image intensity variability, instead of setting a hard threshold for
the tumor label initialization we choose a number of voxels with the highest
tumor probability as the candidates. The label initialization is achieved through
the robust selection process on these candidates, and the reliable label information is then propagated to all other voxels to obtain the ﬁnal segmentation. All
parameters of the algorithm remain unchanged for all the testing subjects. The
size of the spatial neighborhood for graph construction is 5 × 5 × 5.

(a)

(b)

(c)

(d)

(e)

Fig. 1. One slice of the contrast enhanced T1-weighted image for each subject (a to e).
Subject (a) is used as the training data, and the SVM based segmentation for subject
(e) fails.

The SVM based segmentation method fails to segment one testing subject due
to the fact that the tumor region in this subject’s contrast enhanced
T1-weighted image has similar intensities to cerebrospinal ﬂuid (CSF), diﬀerent from the training data as shown in Fig.1. The SVM classiﬁer using only
image intensity as features does not work in this case in that training-testing
image intensities are not matched. The classiﬁer is sensitive to the enhanced part
of tumor indicated by the red arrow and insensitive to the non-enhanced part
indicated by the green arrow in Fig.1a. Therefore, the tumor region in Fig.1e
(indicated by the green arrow) cannot be detected. However, our graph based
algorithm can successfully segment the tumor with several manually selected
tumor and normal tissue voxels. To make a fair comparison among diﬀerent automatic segmentation algorithms, we focus on the other subjects for validating
our tumor segmentation method.
Besides the SVM classiﬁcation method for tumor segmentation [14], we
compare our method with a hidden Markov random ﬁeld based segmentation
method, implemented by FAST [17, 26]. To test if it is helpful to add the image
boundary information term in the graph edge weight measurement, we also perform the graph based segmentation with edge weight computed with only image
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(a)

(b)

(e)

(c)

(f)

(d)

(g)

Fig. 2. One slice of a testing simulate image, ground truth, and segmentation results
by diﬀerent methods. (a) the original contrast enhanced T1-weighted image, (b) the
ground truth, (c) segmentation obtained by the SVM classiﬁcation, (d) segmentation
using FAST, (e) the initial labeled image for information propagation, (f) segmentation using information propagation method without gradient information used in edge
weight measurement, and (g) segmentation of our method.
Table 1. Mean and standard deviation of Jaccard similarity on simulate MR images
Method
SVM based segmentation
FAST
Traditional information propagation
Our method

Mean Standard deviation
0.604
0.086
0.777
0.937

0.136
0.026
0.044
0.008

intensity similarity and spatial proximity and refer to this method as traditional
information propagation.
Fig.2 shows a representative slice of one testing subject’s contrast enhanced
T1-weighted image, tumor segmentation ground truth, and its associated tumor segmentation results obtained by methods to be compared (top row, a∼d;
bottom row, f), as well as tumor segmentation results at diﬀerent stages of our
method (bottom row, e and g). As shown in Fig.2c, the SVM classiﬁer cannot
successfully detect the boundary and the necrotic region of the tumor, which
might be due to the fact that the insuﬃcient training on only one training subject cannot well cover the tumor intensity distribution with high variability.
Fig.2d shows the segmentation result of FAST with the class number set to be
4 [26]. As FAST is a model driven technique which requires a good estimation
of number of classes to be segmented even for normal brain tissue segmentation (grey matter, white matter and CSF), we try diﬀerent numbers of tissue
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classes including 2, 4, 5 respectively with the purpose of achieving segmentation
with diﬀerent meanings (2 for tumor and non-tumor; 4 for grey matter, white
matter, CSF, and tumor; 5 for grey matter, white matter, CSF, tumor, and
other); however, the tumor region cannot be separated well from other brain
tissues in any settings. It is worth noting that the best performance is shown in
Fig.2d, which shows that the tumor and CSF could not be distinguished due to
the high similarity in their intensity information. However, with the guidance of
reliably labeled voxels obtained from the SVM classiﬁcation, the graph theory
based information propagation achieves better performance, as shown in Fig.2f
and Fig.2g. By comparing results shown in Fig.2f and Fig.2g, it can be found
that the segmentation with boundary information is more robust to the tumor
boundary. In Fig.2f the segmentation of traditional information propagation may
be confused at the boundary by wrongly label information interchange due to
that the edge similarity computed using only multi-parametric intensities and
spatial positions cannot robustly distinguish tumor voxels from normal ones.
Besides visual inspection, we also use Jaccard similarity to quantitatively
compare the segmentation results. The Jaccard similarity is the normalized
intersection in voxel space of two segmentations, i.e., (X ∩ Y )/(X ∪ Y ) (automatic segmentation result X and ground truth Y ). The Jaccard similarity is
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Fig. 3. The sensitivity of the segmentation results to the parameters, x-axis and
y-axis represents diﬀerent values of σF and σL , the colored lines show isolines of
Jaccard similarity, and the value of α is set to 0.005 (a), 0.01 (b), 0.03 (c), and
0.05 (d)
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computed separately for the testing subjects, the means and standard deviations
of the similarity with diﬀerent methods are shown in Table 1. Both the visual
inspection and the quantitative measure indicate that our method can achieve
better tumor segmentation.
Finally, we study how the parameters aﬀect the performance of our method. As
shown in Fig.3, the segmentation performance is robust to the trade-oﬀ parameter α. The algorithm with α set on a scale of 0.01 is stable and the segmentation
performance varies little with the values of σL and σF within a wide range.
3.2

Evaluation on Real MR Images

The real MR image dataset contains 5 subjects with tumors of diﬀerent sizes and
locations, each subject has three images including T1-weighted, T2-weighted,
and ﬂuid attenuation inversion recovery (FLAIR) image. Tumor region for each
subject is manually delineated by 2 raters for training and result validation.

(a)

(b)

(e)

(c)

(f)

(d)

(g)

Fig. 4. One slice of a testing real image, manual segmentation, and segmentation results
by diﬀerent methods. (a) the original FLAIR image, (b) one manual segmentation, (c)
segmentation obtained by the SVM classiﬁcation, (d) segmentation using FAST, (e) the
initial labeled image for information propagation, (f) segmentation using information
propagation method without gradient information used in edge weight measurement,
and (g) segmentation of our method.

The whole segmentation process is similar to that applied on the simulate
dataset, and the only modiﬁcation is: the non-brain parts are removed by the
BET [23] with manual editing. Due to the large slice thickness of the FLAIR
image, 5 × 5 × 3 neighborhood is used for the graph construction.
Fig.4 shows a representative slice of the real MR images, and its corresponding
segmentation results using diﬀerent methods. The quantitative segmentation
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performances estimated by comparing the segmentation results with manual
segmentations (rater 1 and 2), including mean Jaccard similarities and standard
deviations, are shown in Table 2. The mean Jaccard similarity and standard
deviation between the segmentation results of 2 raters is 0.77 and 0.034. From
the table, it can be observed that our segmentation method achieved relatively
stable and accurate performance.
Table 2. Mean and standard deviation of Jaccard similarity compared with the
segmentation of rater 1 and rater 2 on real MR images
Method
SVM based segmentation
FAST
Traditional information propagation
Our method

4

Mean (1) Mean (2) Std (1) Std (2)
0.35
0.17
0.71
0.76

0.32
0.16
0.668
0.717

0.151
0.113
0.004
0.07

0.13
0.114
0.097
0.029

Conclusion

We have presented an information propagation based tumor segmentation
method which employs the reliable statistical information from the training
data and speciﬁc information from the image to be segmented. This method
can exploit the local and global consistency of the image speciﬁc information,
facilitating accurate and reliable tumor segmentation. While the statistical information can provide reasonable initialization for the label information propagation and make it automatic, the image speciﬁc information makes up for the
insuﬃcient statistical information from the training process and improves the
ﬁnal segmentation performance. The algorithm has been applied to MR image
data with tumors of diﬀerent sizes and locations. The experimental results have
demonstrated our method can achieve better tumor segmentation performance,
compared with state-of-the-art tumor segmentation methods.
Situations aﬀecting the performance of this method have been encountered
in the experiments. For example, the SVM based segmentation will fail when
statistical intensity distributions of training and testing data do not match very
well. In this case, the proposed method can be adopted as an interactive method
whose label initialization is provided by the user input. Furthermore, tumor of
diﬀerent types or grades may aﬀect the performance of the SVM based segmentation method, and subsequently the label propagation process. However, these
problems can be alleviated by properly deﬁned image features other than the
image intensity only. In this study image intensity information is used as image feature and multi-parametric images are used equivalently. Future work will
be devoted to optimally combining multi-parametric MR images and diﬀerent
image modalities.
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