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Abstract—Using neuroimaging techniques to diagnose brain
tumors and detect both visible and invisible cancer cells infil-
tration boundaries motivated the emergence of diverse tumor
segmentation algorithms. Noting the large variability in both
tumor appearance and shape, the task of automatic segmentation
becomes more difficult. In this paper, we propose a random-
forest (RF) based learning transfer to SVM classifier method for
segmenting tumor lesions while capturing their complex charac-
teristics. Our framework is composed of two cascaded stages. In
the first stage, we train a random forest to learn the mapping from
the image space to the tumor label space. In the testing stage, we
use the predicted label output from the random forest and feed it
along with the testing intensity image to an SVM classifier to get
the refined segmentation. Then we make our RF-SVM cascaded
classification steps deep through an iterative process. We tested
our method on 20 patients with high-grade gliomas from the
Brain Tumor Image Segmentation Challenge (BRATS) dataset.
Our proposed framework significantly outperformed SVM-based
segmentation and RF-based segmentation —when used solely.
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I. INTRODUCTION

High-grade glioma is the most frequent primary brain can-
cer. It represents 85% of new cases of malignant primary tumor
diagnosed every year. Magnetic resonance imaging (MRI)
plays an important role in brain glioma diagnosis and treatment
planning strategies [1]. Particularly, accurately outlining the
tumor visible infiltration boundary can help quantify the lesion
size and its progression rate in longitudinal data. However,
noting the anisotropic complex shape that high-grade gliomas
can take due to their high diffusion and proliferation rates, as
well as their appearance variability, the segmentation of the
complete glioma including all its compartments (e.g. necrotic
core, edema) becomes more challenging [2]. As manual seg-
mentation is time consuming and is prone to inter-observer
variability, automatic segmentation is desired.

Medical imaging segmentation is widely addressed in the
state-of-the art as a classification problem where the proposed
methods can be divided into two main classes. The first
class includes discriminative segmentation methods, which
are mainly based on image features and the training data.
The second class includes generative approaches that require
additional information about the space domain.
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Recently, random forest-based segmentation methods have
shown good performances and robustness. Noting the lack
of extensive use of random forest for high-grade gliomas
segmentation and since stroke lesions are as challenging in
segmentation as brain gliomas, many recent papers also used
random forest for lesion segmentation. For instance, in [3],
standard random forests of 100 trees were used to indepen-
dently classify pixels belonging to stroke lesions. The used
features were the intensities associated with each pixel. Post-
processing operations were performed to smooth the probabil-
ities for each slice between different lesion parts.

Based on the implementation of the random forest pre-
sented in [4], the authors of [5] proposed a stroke lesion
segmentation method. Each voxel was associated with many
features including: intensity, Gaussian, hemispheric difference,
local histogram and center distance. The mean Dice score
reached about 0.58 with a standard deviation of 0.29. Halme
et al. proposed a three-level segmentation approach in [16],
where they combined prior segmentation with a feature set
to perform a random forest-based segmentation. Then, they
refined the segmentation results using contextual clustering
based on Markov random field and iterated conditional modes.
In [7], after correction and normalization, a set of features was
extracted from the MRI sequence: intensities, smooth intensi-
ties (A Gaussian), median intensities, gradient, magnitude of
the gradient and local entropy. These features were used to
train a random forest of 150 tree. The mean Dice score reached
0.54, with a standard deviation of 0.26.

Besides the classification techniques, the use of the ap-
propriate set of feature is of great importance and affects the
segmentation results [19]. In this context several approaches
are based on the simultaneous use of local and context sensitive
features, which greatly enhances the segmentation results. In
[16], the authors propose an iterative two-stage probabilistic
graphical model composed of two levels of Markov Random
Fields (MRFs). At the bottom level, potential lesion voxels
are identified using local and neighbourhood intensities and
class priors. Regions are constructed according to the tissue
type. The higher level, evaluates the probability of candidate
lesions, based on group intensity, texture and neighbouring
regions. The inference of each level is propagated to the other
one iteratively to suppress false positives and refine lesion
boundaries. The Dice Index For this method is 0.69, its strength
relies on detecting small lesions.
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In [17], [18], the authors propose several architectures
based on a combination of modified versions of the Convolu-
tional Neural Network (CNN) to exploit both local and large
contextual features. These methods are applied on 3D data.

In this paper, we present a fully automatic segmentation
method based on a standard random forest (RF) algorithm
and SVM. More specifically, we propose to use a random-
forest based learning transfer to SVM classifier method for
segmenting high-grade gliomas. Our framework is composed
of two cascaded stages. In the first stage, we train a random
forest using flair MRI image intensity features to learn the
mapping from the image space to the tumor label space. In
the testing stage, we use the predicted label output from the
random forest and pass it along with the testing intensity
image to an SVM classifier to get the refined segmentation.
For more refinement, we deepen the classification process by
re-iterating these two steps and using the outcome of one RF-
SVM cascade into the next cascade. We evaluated our proposed
framework on 20 high-grade glioma patients from the Brain
Tumor Image Segmentation Challenge (BRATS') dataset [13].
Our method significantly outperformed both SVM-based and
RF-based segmentation when used solely.

II. DEEP RANDOM FOREST-BASED LEARNING TRANSFER
TO SVM FOR SEGMENTATION

A. Random Forests

Ensemble learning techniques are based on the aggrega-
tion of the results generated by multiple weak predictors or
learners. Their main principle is that many predictors (i.e.
trees) give a larger exploration of the solution space, then the
resulting predictor is more powerful than each individual one
[8]. Among these ensemble techniques, random forest showed
promising results in several applications. Firstly, introduced
by Beirman [9], RF represents a family of methods based on
the aggregation of decisions output by many tree-like weak
learners. This family can be divided into two main classes:
Classical Random Forests and Fully Random Forests. In the
first class, training data samples are used to partition the input
space; while in the second class, a fully random partition is
generated independently of the training data samples that will
be used for labeling the final partition [10].

A random forest independently creates a tree for each
bootstrap sample generated from the data Figure 1. Unlike
standard trees, the RF tree construction is as follows. To split a
node, a number m of features is randomly picked, then we split
according to the best feature among the m selected features.
In addition, the built tree is completely developed (maximal
tree) and is not pruned. Thus, Random Forests are usually
considered as a variant of Bagging (randomized bagging),
where the main difference resides in the construction of the
trees, making the aggregation trees more independent [8],
[10]. Random Forests are suitable for several applications in
different domains because they are fast, resistant to over-fitting
and have a good performance in high-dimensional data [11],
[14].

Thttp://braintumorsegmentation.org/
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Fig. 1: Random forest architecture: a set of trees is built using
random subsets of the training data. For an input data the
classification is performed by each tree according to its feature
vector. Red points represent the individual classification result;
the associated class is decided by major vote.

B. Linear Support Vector Machine

Support vector machine is a supervised learning technique
firstly introduced by Vladimir Vapinik [12], and which demon-
strated remarkable performances especially for data analysis
and pattern recognition. SVM belongs to the class of regu-
larization learning machines that perform linear learning in
non-linear spaces. The main idea of SVM is to reformulate
the classification problem as a quadratic programming opti-
mization. Hence, data classification consists in finding the best
separating hyperplane that maximizes the margin (the distance
to the nearest data point of the classes, see Figure 2).

In the case of nonlinear classification, a kernel function
(Polynomial, Gaussian Radial Basis Function, Multi-Layer
Perceptron) is used to transform the feature space to a Higher-
dimension space where a linear separation is possible [15].
Given a training data set , to find the maximum-margin
hyperplane new data points are classified according to their
distance from the hyperplane.

Fig. 2: Two classes Nonlinear SVM: The data are represented
by blue and orange dots. Maximum-margin hyperplane (in
black) is the hyperplane with the largest distance to the nearest
data of each class.
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Fig. 3 Flowchart of the proposed method: the training set is composed of brain MRIs and their corresponding tumor segmentation
images, after preprocessing step, the extracted features along with the labels’ set are used to train both Random Forest and
SVM. For an input subject the two classifiers (RF and SVM) communicate iteratively the segmentation result for refinement. An
intermediate treatment is performed to correct RF segmentation result.

C. Deep RF-learning transfer to SVM for glioma segmentation

In this paper, we propose a brain tumor segmentation
algorithm based on a combination of standard random forest
and SVM. The architecture of the proposed framework is
composed of two major steps as shown in Figure 3: first
preprocessing and feature extraction; second, training RF and
SVM; and finally, testing and generating the final segmentation
results.

In the first stage, we train a random forest to learn the
mapping from the image space to the tumor label space. In
the testing stage, we use the predicted label output from the
random forest and feed it along with the testing intensity image
to an SVM classifier to get the refined segmentation. Then we
make our RF-SVM cascaded classification steps deep through
an iterative process.
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Fig. 4 Image preprocessing steps. For each patient, we first
enhance the input image and then we perform and filtering
and normalization.

To generate meaningful and discriminative features for RF
training, we add a few preprocessing steps.

This includes filtering, contrast enhancement and intensity
normalization (Figure 4). We then use first order features
(intensity, mean and median) to characterize each pixel. During
the training stage, we use these features to learn a non-linear
mapping between the input features and the labels by training
a random forest.

Next, in the testing stage, we use the aggregated RF
prediction label map and the same features to independently
train an SVM classifier.

Given a preprocessed input 2D image, an iterative classi-
fication process is applied. First, Random Forest classifies the
foreground pixels and generates a prior segmentation that will
be forwarded to the SVM classifier. The latter, will consider
a large region of interest (ROI) centralized on the prior
segmentation. SVM-based classification will be performed on
this ROI except the prior segmentation.

Our segmentation

FLAIR image

Fig. 5 An example of segmentation using our deep RF-learning
transfer to SVM.

Ground truth segmentation
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TABLE II: Segmentation results:exemplary qualitative results
RF- segmentation

Input Flair-MRI Ground truth

(a)
(b)

(©) .
(d) .

Hence, SVM explores the neighborhood of the resulting
RF segmentation. Then, we will recall the random forest to
reclassify the indicated ROI. A threshold of the mis-classified
region size (number of pixels) is defined.

These two steps will be iterated to further refine the
segmentation results. Of note, since the segmentation result
of the random forest may contain some holes (black pixels)
representing the mis-classified pixels, we first fill in these holes
before passing the RF-label map to SVM, Figure 5 shows An
example of segmentation using our deep RF-learning transfer
to SVM.

The strength of the proposed framework relies on iterating
classification only for doubtful zones. In addition, the classi-
fication by standard RF is based only on local features while
contextual information is handled by SVM; thus the learning
transfer is not only a simple communication between two
classifiers, it is a combination of both local and contextual
features. This idea is basically used/shared by several research
works [16]-[18].

III. EXPERIMENTS

In this section, we will present an experimental analyze of
the proposed method. Experimental settings, dataset and results
are described.

A. Dataset

The Brain Tumor Image Segmentation Challenge (BRATS)
dataset [13] contains about 300 cases of both low-grade and
high-grade glioma.

SVM segmentation  Deep-RF+SVM

For each case, T1 MRI, T1 contrast-enhanced MRI, T2
MRI, T2 FLAIR MRI volumes are available. Each subject’s
image volumes are rigidly co-registered to the Tlc MRI, and
resampled to a common resolution while glioma is manually
labeled.

For our experiments, we selected 20 random patients with
high-grade gliomas from the Brain Tumor Image Segmentation
Challenge (BRATS) dataset. Using this dataset allows to com-
pare our approach to state-of-the-art of tumor segmentation.
Only FLAIR MR images are used for testing and training the
proposed framework.

B. Parameters setting

Our method has been implemented in Matlab. For random
forest, the number of trees T is fixed to 100 while the depth of
each tree is 50. The number of iterations of learning transfer
between SVM and RF is N=3, the threshold size Siz is the
number of the mis-classified pixels according to the SVM
stage. It is fixed to 20 pixels. The computational time is related
to the chosen parameters, the size of the image and the training
set.

N and Siz are empirically fixed such as we have good
segmentation within an acceptable computational time. The
size of the region judged to be misclassified by SVM indicates
the correspondence and the harmony between the SVM and RF
classification. We studied the influence of the iteration number
on the region size, as shown in Figure 6 they are inversely
proportional, thus when the number if iterations increases, the
number of the mis-classified pixels by SVM decreases.
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TABLE I: Segmentation results evaluation using mean Dice
index, averaged across 20 patients.

Method SVM RF RF 4+ SVM
Mean Dice index 0.59 £ 0.10 0.63 £+ 0.09 0.72 £ 0.11
paired t-test (p-value) | p = 0.0002 p = 0.004 -

The variation of Siz=f(N)

70
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Fig. 6 Number of mis-classified pixels variation in function of
iteration number (N).

C. Segmentation results

Classifiers were trained using leave-one-patient-out experi-
ments. The quality of the obtained segmentation of the left-out
patient was evaluated on the basis of the manually annotated
ground truth using the well-known DICE index between two
regions R1 and R2 computed as:

2|R1 N R2|
D(R1,R2) = =—t1— =1
(R1, R2) |R1| + |R2|

The segmentation results of our method are compared to
those of RF and SVM separately. Table I shows the mean
DICE index over the 20 patients for each method. The first
column shows the segmentation results when solely using
SVM, the second column when using RF and the third column
our proposed framework.

Our method clearly outperforms both SVM and RF with
a high statistical significance using paired t-test. According
to mean DICE index, the proposed method is obviously
improving the segmentation results with mean DICE index
72% compared to SVM (59%) and RF (63%).

Tablell provides some exemplary qualitative results. The
effectiveness of our method is notable for large tumors (tablell
(a)), while the performances for small tumors of the three
tested methods (RF, SVM and RF+SVM) are comparable
(tableII (c)). In addition, our method gives better results for
fine details of the tumor boundary (tablell(b)).

The proposed framework is based on a cascaded classifi-
cation of RF and SVM. A deep learning transfer is performed
between the two classifiers to exploit both local features as
well as contextual features simultaneously. The results prove
the efficiency of the concept and can be surely optimized by
using a rich feature vector or optimal versions of RF or SVM.
Thus, compared to other methods based on this concept [16]
The proposed deep RF-learning transfer to SVM approach is

simple and fast (average computation time of training and
testing is about 2 min) with comparable Dice index.

IV. CONCLUSION

In this paper, we presented a simple and reliable brain
tumor segmentation method in MRI images through recur-
sively and deeply transferring a learnt random forest-based
knowledge to guide an SVM classifier in the segmentation
task. The proposed method has an acceptable performances
compared to other approaches in the literature [13]. Most
importantly, it is simple and fast and it also significantly
(p < 0.005) outperformed the mere use of SVM or RF for
tumor classification. As our method is only based on first
order features, we aim to refine the developed framework by
including contextual features. Moreover, we will investigate
the performance of the random forest when combined with
other robust classifiers such as neural networks.
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