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Brain tumor segmentation is a routine process in a clinical setting and provides useful information for diagnosis
and treatment planning. Manual segmentation, performed by physicians or radiologists, is a time-consuming task
due to the large quantity of medical data generated presently. Hence, automatic segmentation methods are
needed, and several approaches have been introduced in recent years including the Localized Region-based Active
Contour Model (LRACM). There are many popular LRACM, but each of them presents strong and weak points. In
this paper, the automatic selection of LRACM based on image content and its application on brain tumor segmentation is presented. Thereby, a framework to select one of three LRACM, i.e., Local Gaussian Distribution
Fitting (LGDF), localized Chan-Vese (C-V) and Localized Active Contour Model with Background Intensity
Compensation (LACM-BIC), is proposed. Twelve visual features are extracted to properly select the method that
may process a given input image. The system is based on a supervised approach. Applied speciﬁcally to Magnetic
Resonance Imaging (MRI) images, the experiments showed that the proposed system is able to correctly select the
suitable LRACM to handle a speciﬁc image. Consequently, the selection framework achieves better accuracy
performance than the three LRACM separately.
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1. Introduction
Brain tumor segmentation is commonly used in medicine for quantitative analysis of tumor mass to identify its dynamic growth over time.
Many efforts were made in recent years to develop human-free intervention methods that can achieve similar results to those obtained by
physicians. Numerous techniques have been used for this purpose, which
can be grouped in 2 classes, i.e., supervised [1–6] and unsupervised
methods [7–11]. In Refs. [1,2], convolutional neural networks were used
for learning and then they were applied to identify abnormal areas.
Menze et al. [3] and Cordier et al. [6] employed atlas-based methods to
detect brain lesions. By treating the tumor segmentation as a labeling
problem [4], the local independent projection-based classiﬁcation algorithm was used to classify each voxel into different classes. Furthermore,
Islam et al. [5] adopted a texture approach for multifractal feature-based

brain tumor segmentation. They also suggested the modiﬁcation of the
AdaBoost algorithm to improve tumor tissue classiﬁcation. Kanas et al.
[7] combined the intensity clustering method with Random Walker algorithm to extract neoplastic in MR images. Likewise, the hybrid
self-organizing maps with fuzzy K-means algorithm was tested by Vishnuvarthanan et al. [8], and they obtained successful tumor identiﬁcation
in their experiments. Since nature-inspired methods became popular in
image processing for optimization processes, the active contours driven
by the cuckoo search (CS) strategy was introduced in Ref. [9] to lead
brain tumor delineation accurately. In addition, the cooperation between
Particle Swarm Optimization and K-means was suggested in Ref. [10] for
segmenting successive slices of 3D MR images. Hamamci et al. [11] have
used the tumor probability map that is constructed from cellular
automata states to achieve a smooth level set evolution towards brain
tumor boundaries delimited in MR images.
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Fig. 1. Flowchart of the LRACM selection for brain tumor segmentation of MRI data. The system selects the LRACM considered as the best for processing the volume Pm .

Fig. 2. Concept of image segmentation using a selected ACM. Slices of Pm are segmented by using the selected LRACM. I m' are the segmented images and Pm' is the output volume.
Table 1
Statistical features calculated on the M  N monochromatic image Iðx; yÞ having a histogram pði; jÞ.
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Table 2
Data from the global dataset (DB1 þ DB2) with details about the patients employed for
training and testing the system.
Class

1
2
3

Fig. 3. Three conﬁgurations employed for analyzing the system behavior using two databases (DB1 and DB2).

segmentation methods. It uses image content to ﬁnd the optimum of an
energy function that guides the contour evolution in the separation of
regions using different statistical information. It has numerous applications in several ﬁelds including medicine. For instance, a RACM was used
by Saini et al. [14] to detect the atrium and ventricle boundaries in
echocardiographic images. They used the Newton-Raphson method to
obtain the optimum solution of the evolution equation instead of the
gradient descent as in the traditional Chan-Vese model. In Ref. [15],
Gupta et al. proposed a RACM initialized by the output of a Gaussian
kernel based on a fuzzy C-means clustering method. Their experiments
were successfully carried out on ultrasound medical images. Furthermore, a framework combining a machine learning process with the
RACM was suggested by Ref. [16] for medical image segmentation.
Firstly, selected machine learning algorithms (k-NN and Support Vector
Machine) were used to convert images with pixel intensity values to maps

Patients
Training

Testing

4, 6, 9, 11, 16, 21, 20
3, 8, 12, 13
10, 19

1, 7, 17
5, 14, 15
2, 18

An interesting review of medical image analysis for brain tumor
studies of MRI data was performed by Bauer et al. [12]. They presented
and commented several works concerning registration and segmentation
of tumors in MRI. In the same way, a survey of MRI brain tumor segmentation was presented by Gordillo et al. [13]. Manual, semiautomatic,
and fully automatic segmentation methods were discussed. Also, many
studies based on unsupervised and supervised techniques for brain tumor
segmentation were summarized.
Region-based Active Contour Model (RACM) is one of most popular
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localized way. Recently, a speciﬁc case of the Lankton Mean Separation
model integrating a background intensity compensation stage (LACM-BIC, i.e., Localized Active Contour Model with Background Intensity
Compensation) was proposed by Ilunga et al. [20]. This technique
showed the improvement of results in image segmentation, especially
with large black backgrounds. Moreover, instead of only using mean
intensity, Wang et al. [21] proposed the modeling of the local neighborhood by a Gaussian distribution, which is called Local Gaussian Distribution Fitting (LGDF); the contour evolution of their model is based on
the mean intensity and on the local region variance.
Selecting the best algorithm among several proposals or its best tuning
is a common problem in current studies. Automatic approaches are mostly
preferred to manual ones to obtain objective and reliable results. However, this issue is not new and it has already been addressed in many areas.
For example, Takemoto and Yokota [22] proposed a framework that selects the optimal algorithm suited to the segmentation of intracellular
images. Using supervised techniques, intensity and boundary shapes were
extracted as image features. The similarity between feature distribution
from user-supervised regions and automatically segmented regions
generated by given algorithms was computed to select the optimal algorithm. In the same fashion, the algorithm selection approach for semantic
segmentation based on high-level information feedback was presented in
Ref. [23] and symbolic segmentation using algorithm selection in
Ref. [24]. The automatic selection of the best algorithm is also used for
other needs. In Ref. [25] a fuzzy rule-based system was proposed as a
selector of color constancy algorithms during the enhancement of dark
images. In Ref. [26], Tse et al. used genetic algorithms to automatically
select parameters in the design of an optimal complex Morlet wavelet
ﬁlter, which was applied to bearing fault detection. In the same way, the
automatic selection of chemical features for the identiﬁcation of bioactive
molecules in drug discovery was presented by Cano et al. [27].
In the present study, we are concerned with the automatic selection of
the localized region-based active contour model applied to the segmentation of brain tumors. The proposed framework considers three LRACM:

Table 3
Results presenting the behavior of the selection system by using the RF and k-NN classiﬁers
in the three conﬁgurations (A, B and C). First, patients are represented by their numbers as
properly or badly classiﬁed via the representation: Patients correctly selected — Patients
wrongly selected. Second, the rates of patients correctly selected per class and conﬁguration are presented.
Conﬁg

Class

Patients (correctly — wrongly)
selected
RF

k-NN

RF

k-NN

A

1

1, 7–16, 17, 20,
21
 — 5, 12, 13,
14, 15
2, 18, 19 — 

1, 7, 16, 17,
21–20
 — 5, 12, 13,
14, 15
2, 19–18

2/6

5/6

0/5

0/5

1, 4, 6, 7, 9,
11–17
14, 15–3, 5, 8
 — 2, 10, 18

4, 9, 11, 17–1, 6,
7, 17
— 5, 14, 15–3, 8
2–10, 18

3/3
5 out of
14
6/7

2/3
7 out of
14
4/7

1, 7, 17 — 
14, 15–5
2–18

1, 7, 17 — 
14, 15–5
2–18

2/
0/3
8 out of
15
3/3
2/3
1/2
6 out of
8

3/5
1/3
8 out of
15
3/3
2/3
1/2
6 out of
8

2
3
Average
B

1
2
3
Average

C

1
2
3
Average

Rate of patients
correctly selected

of classiﬁcation probability scores. Secondly, the contour evolution was
achieved through the level set method applied to these maps.
Chan and Vese (C-V) [17] proposed a model based on global mean
intensity for image approximation. Lankton et al. [18] suggested reformulating this model and the Yezzi model [19], from global to localized
methods. The C-V and Yezzi energies were referred as Uniform Modeling
(UM) and Means Separation (MS) energies. The Lankton method is
known as Localizing Region-Based Active Contours and it allows the
modeling of any region-based energy of Active Contour Model (ACM) in a

Fig. 4. Confusion matrix of patient image set classiﬁcation using k-NN algorithm where the labels represent 1: LACM-BIC, 2: C-V and 3: LGDF. The bold values on the main diagonal
represent all correctly classiﬁed instances. The row under each confusion matrix shows the classiﬁcation rate achieved for each predicted class.
71

E. Ilunga–Mbuyamba et al.

Computers in Biology and Medicine 91 (2017) 69–79

Fig. 5. Confusion matrix of patient image set classiﬁcation using random forest algorithm where the labels represent 1: LACM-BIC, 2: C-V and 3: LGDF. The bold values on the main
diagonal represent all correctly classiﬁed instances. The row under each confusion matrix shows the classiﬁcation rate achieved for each predicted class.

Table 4
Classiﬁcation rate used to ﬁnd the predicted class for each patient from the testing set. The class with the highest classiﬁcation rate is selected as the estimated prediction. Likewise, the
selection is successful when the prediction is equal to GT. The bold values represent the highest classiﬁcation rate reached among the three classes and they deﬁne the class to be selected.
Classiﬁcation rate/class
Patient

1
2
5
7
14
15
17
18

Classiﬁcation rate/class

RF

k-NN

Predictions

GT

1

2

3

1

2

3

RF

k-NN

61.36
3.125
100.0
100.0
0.000
0.000
100
0.000

0.000
0.000
0.000
0.000
100.0
100.0
0.000
100.0

38.63
96.87
0.000
0.000
0.000
0.000
0.000
0.000

61.36
0.000
96.77
88.46
0.000
0.000
100.0
0.000

0.000
0.000
0.000
0.000
100.0
100.0
0.000
100.0

38.63
100
3.225
11.53
0.000
0.000
0.000
0.000

1
3
1
1
2
2
1
2

1
3
1
1
2
2
1
2

1
3
2
1
2
2
1
3

literature is related to the image content. Hence, an adequate choice to
handle input images ensures that the system will reach the highest segmentation accuracy for all instances. It is important to note that this work
is different from Ref. [20]. The former compared the ACM performances
while this study proposes an alternative ACM selection system.
In the previous work, it was observed that the ACM behavior can
change for speciﬁc patients and this hypothesis is analyzed and discussed
in this paper. Accordingly, the design of the system for the ACM automatic selection is described in Section 2. Experiment results are provided
and analyzed in Section 3. The results are discussed in Section 4, and
ﬁnally, Section 5 presents the conclusions of this work.

the LGDF [21], the C-V in the Lanktom formulation [18] and LACM-BIC
[20] models. Used in Ref. [20], they achieved best results for complex
images of speciﬁc patients. In consequence, the automatic selection of one
of these techniques based on the image content is suggested. The aim of
this work is (1) to show that object segmentation using ACM is image
content dependent and (2) to execute the segmentation task using the
selected model that may achieve best results for a given patient's images.
The system architecture has two main stages. The ﬁrst consists in a
learning process, where a part of the data is used to train the system in the
selection task of the best LRACM. Twelve image features were computed
for this purpose: mean, harmonic mean, trimmed mean, maximum value,
median, standard deviation, skewness, kurtosis, entropy, contrast, energy,
and homogeneity. The second comprises the assessment, where the
remainder data were tested to evaluate the ability of the proposed system
to correctly select the expected active contour model. Two classiﬁers were
employed to carry out these experiments, k-NN and random forest. In fact,
the goal is not to focus on the choice of the best classiﬁer, but it is rather to
show that the success of the most representative LRACM proposed in the

2. Method and materials
2.1. Automatic selection of LRACM based on image content
2.1.1. System description
The proposed system is based on the fact that the outcomes reached
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parameters) share the same features. Consequently, they can be grouped
in the same subset Ai for which one LRACM should be automatically
selected. In supervised learning, Ai is known as the actual class or ground
truth (GT). Even if each 2D slice image is classiﬁed separately in a predicted class Ci via a label z 2 f1; 2; 3g, the selection rule of the LRACM
should be carried out by the system in function of the 3D volume (image
patient dataset). Let Pm be the image set of the m-th patient and hm
i the
number of samples (slices) in a predicted class Cim subject to

Table 5
Accuracy comparison of each patient from the testing set with different methods by using
Dice and Hausdorff distance metrics. Bold values represent the best results given by the
metrics among the tested methods for each patient.
Patient

Metric

LGDF
[21]

C-V
[18]

LACM-BIC
[20]

Selection
(RF)

Selection
(k-NN)

1

D
dH
D
dH
D
dH
D
dH
D
dH
D
dH
D
dH
D
dH

0.8159
3.3200
0.9401
1.8202
0.6987
3.2288
0.7781
2.8781
0.8276
6.9270
0.8381
4.3222
0.9598
3.6464
0.9695
2.2719

0.7833
5.2736
0.9246
1.8403
0.9738
1.9348
0.8203
2.6834
0.8808
6.2006
0.9261
3.1469
0.9600
3.7614
0.9516
2.3774

0.9618
2.3678
0.9077
1.8571
0.9721
2.0021
0.8619
2.4012
0.8704
6.2592
0.9163
3.2573
0.9614
3.7036
0.9465
2.4982

0.9618
2.3678
0.9401
1.8202
0.9721
2.0021
0.8619
2.6834
0.8808
6.2006
0.9261
3.1469
0.9614
3.7036
0.9516
2.3774

0.9618
2.3678
0.9401
1.8202
0.9721
2.0021
0.8619
2.4012
0.8808
6.2006
0.9261
3.1469
0.9614
3.7036
0.9516
2.3774

2
5
7
14
15
17
18



Pm ¼ I1m ; …; Ikm
 
Cim ¼ Ikm g : Ikm →ymk

Hausdorff distance

LBF [38]
LGDF [21]
C-V [18]
LMS [18]
LACM-BIC [20]
Selection system

0.6987 ± 0.1789
0.8535 ± 0.0958
0.9026 ± 0.0690
0.9172 ± 0.0386
0.9248 ± 0.0426
0.9320 ± 0.0403

4.4781 ± 1.9980
3.5518 ± 1.5695
3.4023 ± 1.5896
3.1832 ± 1.3517
3.0433 ± 1.4383
3.0025 ± 1.4290



(2)
(3)

where, k is the number of 2D images I m in the volume Pm , #Cim the
cardinality of Cim , g the function that extracts feature vectors ym
k ¼

fym ; …; ym g : I m →ym g and f the decision function that attaches to ym a
1

k

k

k

k

class z. Two notations of labels are used, z is the label of a slice Ikm (or
partial label), while Z is the ﬁnal label assigned to the volume Pm . Fig. 1
describes the selection process of the LRACM for brain tumor segmentation of MRI data. Firstly, based on selection rules, the proposed system
selects the LRACM considered as the best for handling the volume Pm .
Secondly, slices of Pm are segmented by using the selected LRACM as is
depicted in Fig. 2.
The class membership of Pm will be performed by using a majority
vote among images Ikm ; ðm ¼ 1; …; kÞ, i.e., by looking for the largest hm
i .
This last part can be found by computing the index of the most populous
predicted class as

Average and standard deviation of similarity measures
Dice coefﬁcient

f : ymk →zjz¼i

and

hmi ¼ #Cim

Table 6
Average and standard deviation of similarity measures: the Dice index and Hausdorff
distance. Bold values represent the best results among the tested methods.

Methods

(1)

 
q ¼ arg max hmz

(4)

z2f1;2;3g

Index q can be computed by using the prediction classiﬁcation rate as

by different LRACM, under the same conditions, are not thesss same. For
instance, let Ω be the global dataset s:t: Ω ¼ A1 ∪A2 …∪Ai where Ai represents the image subsets of Ω and i the subset index. It is observed that
one method can be better than the others for the given subset A1 and
another one could be the best for subset A2 and so on. Likewise, the
segmentation results achieved in Ref. [20] showed that the LACM-BIC
outperforms in general comparative methods. However, for the images
of the considered patients, the Localized C-V [18] and LGDF [21]
methods reached the best results in three and two patient cases,
respectively. Therefore, the automatic selection task of an active contour
model for a given input image set can improve the segmentation outcomes. Hence, a system that has to perform this selection based on supervised learning techniques is proposed. It consists of two main stages,
training and testing. In the same fashion, the dataset used is split into two
parts, namely, training and testing sets. Sixty percent of dataset images
were used for training and the remainder forty percent for testing the
designed system. Data are grouped into three classes or subsets Ai
(∀ i ¼ 1; 2; 3) based on the ACM segmentation results achieved in
Ref. [20]. Let I denote an input image, the selection of the algorithm with
the best expectation performance is achieved by extracting the ﬁrst n
image features fαj gnj¼1 from I. Then, a classiﬁer is employed to analyze

(
q ¼ arg max

,

hmz

3
X

z2f1;2;3g

)
hmi

(5)

i¼1

For example, the label Z ¼ 1 will be attached to Pm if q ¼ 1, which
means when

hm1 > hm2

∩

hm1 > hm3

(6)

or by using the prediction classiﬁcation rate as

,
hm1

3
X
i¼1

,
hmi

> hm2

3
X
i¼1

,
hmi

∩

hm1

3
X
i¼1

,
hmi

> hm3

3
X

hmi

(7)

i¼1

These last two rules (Eqs. (6) and (7)) are equivalent and they will
lead to the same result. However, the former equation (based on Eq. (4))
is simpler and faster than the second one in implementation, while the
latter (based on Eq. (5)) is preferred when the classiﬁcation rate evaluation is needed. In special cases, when no class receives a majority of
m
votes hm
i , the selection rule will assign to P a class membership based on
prior probability. This last part is related to the class size. Moreover, by
referring to Table 2, it is clear that the size of class 1 is the biggest and the
size of class 2 is bigger than that of class 3. To illustrate this, if hm
1 ¼
m
m
m
m
m
m
m
hm
2 > h3 or h1 ¼ h3 > h2 or h1 ¼ h2 ¼ h3 , the selection rule will assign to
m
m
Pm a class membership Z ¼ 1. Besides, if hm
2 ¼ h3 > h1 , a label Z ¼ 2 will
be then attached to Pm .
The selection rules of the proposed system can be implemented by
using the following algorithm:

the feature vector y 2 <n in order to predict the class to which each I
belongs. Any classiﬁer can be integrated into this framework, but
currently, the experiment will be carried out using the k-NN and random
forest (RF) classiﬁers. The system receives an input image I, then it extracts the vector y that includes twelve image features ðy ¼
ðα1 ; …; αn Þ; n ¼ 12Þ to describe the image content. Lastly, the system has
an output Z 2 f1; 2; 3g that corresponds to the label of the selected
LRACM (1: LACM-BIC, 2: C-V and 3: LGDF).
Moreover, in the design of the system, it is assumed that 2D images of
a 3D volume acquired from a speciﬁc patient (i.e., under the same conditions, with the same scanner, imaging protocol, and acquisition

Algorithm 1. Algorithm of the proposed LRACM selection system
where selection rules are described.
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Fig. 6. Segmentation results of MRI data: patients 1, 2, 5 and 7. From left to right, the LGDF, localized C-V, LACM-BIC and the proposed algorithm.
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Fig. 7. Segmentation results of MRI data: patients 14, 15, 17 and 18. From left to right, the LGDF, localized C-V, LACM-BIC and the proposed algorithm.

dtu.dk/projects/BRATS2012, [28]). Dataset two (or DB2) contains patient data collected at the Department of Neurosurgery at the University
Hospital of Leipzig in Germany. Speciﬁcally, DB1 consists of 343 images
i.e., 312 images from 11 patients with high-grade glioma taken into account in Ref. [20] and the additional 31 images carefully added to patients having the fewest slices (e.g., patients 2, 3, 6, 7 and 9). Dataset DB2
includes 270 images from 10 patients who have overcome a brain tumor
surgery. Indeed, data from 21 patients are included in this work. They
will be referred as patients 1 to 11 for DB1, and patients 12 to 21 for DB2.
The global dataset (DB1 þ DB2) was split into two parts, namely, training
and testing data, respectively. The details of data as employed in the
experiment are presented in Table 2.

2.1.2. Feature extraction
Statistical features are used to numerically describe images and they
should provide information to represent an overall scene. If the computed
features are chosen carefully to obtain the most representatives and
discriminants, it is expected that the feature set will extract the relevant
information from the image. These features allow performing the desired
task exploiting a reduced representation instead of using the full image.
The features considered for this work are mainly related to the description of statistical moments. Indeed, twelve features are selected and
evaluated due to their capabilities to provide statistical intensity information necessary in the guidance of contour evolution. These twelve
image features are listed in Table 1.

2.3. ACM initialization
The ACM initialization is performed by using a binary shape
descriptor based on hierarchical centroid. Proposed by Ref. [29] for
handwriting recognition, this descriptor was used in Ref. [30] for automatic brain tumor detection in MRI data and it was referred as hierarchical centroid shape descriptor (HCSD). As in Refs. [31,32], for
distinguishing structures based on their forms, the present approach
considers that tumors have in general an ellipsoidal shape compared to

2.2. Materials
A total of 613 images were used in this study. These data are images
from two datasets. Dataset one (or DB1) consists of a couple of MRI data
from the MICCAI 2012 Challenge on Multimodal Brain Tumor Segmentation Benchmark (BRATS) database organized by B. Menze, A. Jakab, S.
Bauer, M. Reyes, M. Prastawa, and K. Van Leemput (http://www.imm.
75

E. Ilunga–Mbuyamba et al.

Computers in Biology and Medicine 91 (2017) 69–79

from DB2 were used to test the system. Second, the system was trained
with some of the patients from DB2 while the remain patients from DB2
and all patients from DB1 were used to test the system. Third, a part of
patients from DB1 and DB2 are used to train the system whilst the rest of
patients from DB1 and DB2 are used for testing. The ﬁrst conﬁguration
showed that ﬁve and seven out of fourteen patients were successfully
selected by using the RF and k-NN classiﬁers, respectively. In the second
conﬁguration, eight out of ﬁfteen patients were properly classiﬁed by
using both classiﬁers. Finally, in the last case, six out of eight patients
were correctly selected. These results presented in Table 3 show that the
ﬁrst conﬁguration allows to discriminate data from class 1 and class 3
whilst in the second one class 1 and 2 are the best discriminated.
Therefore, the robustness of the selector is strongly dependent on the
nature of the data used in the training stage. As a result, a high selection
rate was achieved in the last case where data from DB1 and DB2 were
mixed in the training step. Moreover, it can be observed that patients
from all classes were represented in the result, unlike the other conﬁgurations. Based on these observations, the third conﬁguration will be
kept and employed in the selection of the best LRACM for brain tumor
segmentation.
Figs. 4 and 5 present the confusion matrices of the patient image set
classiﬁcation by using the k-NN and RF classiﬁers, respectively. The bold
values in the main diagonal represent all instances correctly classiﬁed
(Ncorrect ). The row under each confusion matrix indicates the classiﬁcaP3 m
tion rate in percentage (hm
i¼1 hi , z 2 f1; 2; 3g) of image instances in
i¼z =
each predicted class. The bold values represent the success rates (in
percentage) achieved in the image classiﬁcation process. The other
values are the failure rates (in percentage and per class). The total FR is
the sum of the failure rate of each class. Indeed, the selection made by the
proposed system is successful when SR is the highest classiﬁcation rate
value for a speciﬁc patient. On the other hand, in the cases of system
failure, the underlined value (FR) corresponds to the selected class.
Table 4 describes the successes and failures of the automatic selector
for the patient classes compared to the ground truth by using the k-NN
and RF classiﬁers. The class with the highest classiﬁcation rate is selected
as the expected prediction. Besides, the selection is successful when the
prediction is equal to the GT. As already said, in this conﬁguration six out
of eight patients were properly chosen using the RF and k-NN methods.
Nevertheless, the objectives of this study were not oriented to test classiﬁers but to the ACM selection system. Incidentally, another classiﬁer
(e.g., Adaboost, Bayesian-based classiﬁers, Neural Networks, etc.) can be
integrated into this framework. Notice that their performances rely
mainly on the training sample quality and the discriminant features
extracted from the image [33–35].
Two classiﬁers were chosen to be tested in the suggested framework:
the k-NN and RF algorithms. The k-NN is one of the main methods of
classiﬁcation and regression [36]. As a non-parametric algorithm, it does
not make any assumptions about the data distribution. Hence, the k-NN
classiﬁcation method is commonly based on the Euclidean distance between a test sample and its k nearest neighbors from training samples.
The RF is an ensemble based upon the basic premise that a set of classiﬁers do perform better classiﬁcations than an individual classiﬁer does.
In many classiﬁcation tasks, the RF is known to be more accurate and
robust to noise than single classiﬁers. Each classiﬁer contributes with a
single vote in the ﬁnal class assignation of the test sample [37].

other brain structures. The idea of this methodology is to compare the
shape of binary structures extracted from input images to a prior shape
considered as the reference. First, an HCSD is extracted from a cropped
image containing a tumor with prior shape knowledge. Second, test
images are binarized and then scanned by using a sliding window of 20%
of the image size. The sliding window is moved forward to reach an
overlap of 50% between adjacent windows in rows and columns. The
HSCD is extracted from each window at every new position. Moreover, at
the same time, the Euclidean distance is computed between the obtained
descriptor and the reference. Finally, the tumor position is deﬁned by the
window that corresponds to the smallest distance. In a similar context,
HCSD was applied to ACM initialization in Ref. [20]. However, in this last
application, only the two biggest binary structures were retrieved from
an image instead of scanning the entire image. Besides, their extracted
HCSD allowed tumor structure detection. Therefore, the same technique
is used in this work for LRACM initialization. The segmentation output of
a slice provides the ACM initialization proﬁle of the next one. But, after
each four slices, a new tumor localization is then computed.
3. Experimental results
This section discusses the experimental results obtained in the segmentation of brain tumors with the proposed ACM selection system.
Experiments were carefully conducted in two stages using the “BRATS2012” database (DB1) and the dataset from the University Hospital of
Leipzig in Germany (DB2). In the ﬁrst stage, different conﬁgurations of
the suggested selection system were tested. Then, the application of the
LRACM selector to brain tumors segmentation was assessed in the second
stage. Two binary metrics were used to evaluate the segmentation results
quantitatively, the Dice coefﬁcient (D) and the Hausdorff distance (dH ).
The perfect segmentation is reached when the measure D 2 [0,1] is equal
to 1 and dH achieves a 0 value. These comparison metrics are
computed as

D¼

2jA∩Bj
jAj þ jBj

(8)


dH ¼ max maxminka  bk; maxminkb  ak
a2A b2B

b2B a2A

(9)

where A is the handwork segmentation result (gold standard) and B the
automatically obtained contour.

3.1. Selection system evaluation
As already mentioned, the K-NN and RF methods were used for image
classiﬁcation by using the extracted features. Furthermore, the evaluation of the selection system was carried out by using the success rate (SR)
[25] of image classiﬁcation per patient. In contrast, the number of
samples misclassiﬁed was assessed by using the failure rate (FR). Largely
used in supervised learning, confusion matrices were used to compute the
SR and FR for each patient. In the confusion matrix, the predictions are
found in the columns and the ground truth (GT) class in the rows. GT
indicates the patient data class based on the best ACM segmentation
result reached. The percentages of classiﬁcation rates are deﬁned by

SR ¼ 100  ðNcorrect =NÞ

(10)

3.2. Performance of the ACM selection system in brain tumor segmentation

FR ¼ 100  Nwrong N

(11)

The aim of this work was to show that object segmentation by using
ACM is image content dependent. A system for the selection of the best
ACM based on image content was designed. Experiments were conducted
in two main steps. Firstly, brain tumors were segmented in the image set
of each patient by using the LGDF, C-V and LACM-BIC methods. Next, for
the patients from the testing set, the selection of the best method among
the three was performed. Table 5 presents the quantitative results

where Ncorrect , Nwrong and N are the instances correctly classiﬁed, the instances misclassiﬁed and the total number of samples, respectively.
Three conﬁgurations were considered to analyze the behavior of the
selection system (Fig. 3). First, the system was trained with a part of
patients from DB1. The remaining of patients from DB1 and all patients
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can mean that the image features of the patient are not discriminative
enough for these LRACM. Hence, the use of an adequate number of patients to train the system is important to overcome this problem. In the
same fashion, the selection of the expected algorithm for the segmentation of a new input image should be improved. However, it can be noted
that in the two cases of failure, the selection system chose the second best
algorithm. In this way, it guarantees a good ﬁnal result.
An important review of methods and results of the Multimodal Brain
Tumor Image Segmentation Benchmark organized jointly with the
MICCAI 2012 and 2013 conferences was presented in Ref. [39]. Several
algorithms, considered as the state-of-the-art in brain tumor segmentation tasks, were evaluated in the discrimination of four types of
intra-tumoral structures, namely edema, non-enhancing (solid) core,
necrotic (or ﬂuid-ﬁlled) core, and non-enhancing core. In this study, it
was observed that fusing segmentations from different algorithms always
performed better than the best individual algorithm applied to the same
task. We recall that this observation is similar to the algorithm selection
concept used in our work. It is important to note that, in contrast to [39],
our work used a couple of data from BRATS 2012 dataset but it is not
directly oriented to the MICCAI challenge. The aim of the suggested
method is to focus the use of advantages of different ACM models in the
segmentation task by selecting the optimal algorithm. So, the tumor
segmentation is the chosen application to show how the selection of the
best ACM algorithm for speciﬁc images achieves good segmentation results. Another difference is that our study considers only the tumor ?
core? region (including all tumor structures except edema). Besides, the
experiments in Ref. [40] revealed that Extremely randomized Trees
classiﬁer (similar to Random Decision Forests but introducing more
randomness during the training phase) is among the most accurate in the
classiﬁcation of tumorous brain tissue. This statement sustains that supervised learning techniques achieve in general better results than
un-supervised methods for tumor segmentation.
Our framework is easy to implement and it offers the beneﬁt of being
ﬂexible. Applied on MRI data, the system showed its capability of
selecting expected LRACM. Hence, it outperforms comparative methods
in the segmentation of brain tumors. A suitable choice of features and
classiﬁers is important to ensure a high accuracy rate in image segmentation. Images selected have in general tumors with an ellipsoidal shape
as assumed in this study. The ACM initialization process used is limited to
this kind of tumor shape. Based on the concept of the proposed system of
automatic selection of LRACM, it can be applied to other medical imaging
data, namely, Computed Tomography and ultrasound images. This
framework can also be used in other applications of body organ segmentation including ventricles in cardiac images, prostate, lungs, and
kidneys. Future efforts will be oriented toward the assessment of the
proposed system in the use of 3D volumes, in the segmentation of images
from other kinds of databases and using other active contour models.

reached by the ACM selection method and the ACM individually
considered. These results come from the selection task achieved by the
automatic selector and previously listed in Table 4. It is clear that, in the
majority of cases, the best method for a speciﬁc patient is correctly
selected by the system. Besides, we can notice that in both failure cases,
the selection system chose the second best algorithm, which ensures a
good ﬁnal result. In order to have a global view of the outcomes, average
values (mean ± standard deviation) obtained by using the Local Binary
Fitting (LBF) [38], LGDF [21], C-V [18], Local Mean Separation energy
(LMS) [18], LACM-BIC [20] and the proposed selection system are
showed in Table 6.
The results reveal that the proposed selection system achieves higher
performance than comparative methods (i.e. D ¼ 0:9320±0:0403,
dH ¼ 3:0025±1:4290) with RF and k-NN classiﬁers. Figs. 6 and 7 depict
the results achieved by using the LGDF, C-V, LACM-BIC and the selection
system. The label of the selected active contour method is shown on the
images in the selector column. Visual results sustain the quantitative
evaluation where the LACM-BIC, followed by the C-V method, reached
better performances than the LGDF model. Especially, in the case of patient 1, it can be clearly observed that LACM-BIC is suitable for handling
images where the target shared the border with the background and
foreground.
4. Discussion
Accurate brain tumor segmentation is needed to quantitatively
analyze the tumor and its growth over a period of time. Performed in
preoperative MRI data, it enables to extract geometrical parameters like
tumor volume, position, and distance to risk structures to plan the
operation. In this study, an alternative framework for brain tumor segmentation in MR images is presented. This framework consists of a system of selection between three LRACM, namely, LGDF, C-V, and LACMBIC. Based on the content of input images, the system selects the LRACM
that have to reach the best segmentation performance.
The experiments demonstrated that our system is able to select the
ACM that should reach the optimal result. Hence, the average outcome
from selected active contour models achieves better segmentation accuracy than the LBF [38], LGDF [21], C-V [18], LMS [18] and LACM-BIC
[20] in brain tumor segmentation tasks. Two comparison metrics, the
Dice coefﬁcient, and Hausdorff distance were used to quantitatively
sustain this claim. Thus, the results were compared to gold standards
provided in the “BRATS-2012” database and by a medical expert from the
Department of Neurosurgery at the University Hospital of Leipzig
in Germany.
Since the system is based on supervised learning, its performance will
depend on the outcomes reached in the classiﬁcation step. In fact, a better
image classiﬁcation will improve the performance of the system. Reliable
and commonly used, twelve image features and two classiﬁers (k-NN and
RF) were chosen. Not only have they been useful but they also allowed to
show the effectiveness of the proposed system. It is important to note that
the goal of this study was not to focus on testing classiﬁers but on the
ACM selection system. Thus, other classiﬁers (e.g., Adaboost, Bayesianbased classiﬁers, Neural Networks, etc.) can be integrated into this
framework. In the ﬁrst experiments, three conﬁgurations of data splitting
(training and testing sets) were used to analyze the behavior of the system. The outcomes demonstrated that the performance of the system
changes for each conﬁguration and showed that it depends mainly on the
training sample quality and the discriminant features extracted from the
image [33–35]. The LRAM selection applied to brain tumor segmentation
was carried out by using the last conﬁguration where the training set is
composed of patient data from both databases (DB1 and DB2). A training
set of heterogeneous data from different kinds of databases and tumors is
important to make the system more robust. The second experiments were
performed on the application of the LRACM selection system to the brain
tumors segmentation. The selection using the RF and k-NN methods
succeeded for six out of eight patients. The wrong selection of a LRACM

5. Conclusions
The automatic selection of Localized region-based active contour
model based on the image content and applied on brain tumor segmentation was presented in this work taking into account three LRACM for
selection: the LGDF, C-V, and LACM-BIC. A system that selects the best
LRACM among the three for segmenting brain tumor images from a
speciﬁc patient is proposed. For the selection process, supervised
learning techniques to classify images for each patient were used. Two
well-known techniques, namely, the k-NN and Random Forest (RF) were
used for the classiﬁcation task. This framework offers the advantage of
being ﬂexible and modular, i.e., any classiﬁer can be easily integrated,
tested, and evaluated.
Results showed that the system properly selected six out of eight
patients tested. Then, the suggested system of automatic selection of
LRACM has been applied in the segmentation of brain tumor in MRI data.
Indeed, several ACM were introduced in recent years and each of them
claims to be effective under certain circumstances or particular cases.
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Faced with this reality and based on our observations and outcomes, in
this study, experiments revealed that the performance of ACM is image
content dependent. However, it is important to specify that our tests were
performed only with localized active contour models and on MR brain
tumor images. Furthermore, the outcomes revealed that the proposed
selection system outperforms the performance of the three LRACM
separately considered and two additional LRACM (LBF and LMS)
included for comparison purposes. The most representative binary
evaluation metrics were considered; the average accuracy values of D ¼
0:9320 and dH ¼ 3:0025 were reached by using the RF and k-NN classiﬁers, respectively. This framework can also be used in other applications of body organ segmentation including ventricles in cardiac images,
prostate, lungs, and kidneys. Future work is needed to evaluate the
proposed selection system by using different classes of ACM and other
kinds of image databases.
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