
A robust statistics driven 
volume‑scalable active contour for segmenting 
anatomical structures in volumetric medical 
images with complex conditions
Kuanquan Wang* and Chao Ma

Abstract 

Background: Accurate segmentation of anatomical structures in medical images is 
a critical step in the development of computer assisted intervention systems. How-
ever, complex image conditions, such as intensity inhomogeneity, noise and weak 
object boundary, often cause considerable difficulties in medical image segmentation. 
To cope with these difficulties, we propose a novel robust statistics driven volume-
scalable active contour framework, to extract desired object boundary from magnetic 
resonance (MR) and computed tomography (CT) imagery in 3D.

Methods: We define an energy functional in terms of the initial seeded labels and two 
fitting functions that are derived from object local robust statistics features. This energy 
is then incorporated into a level set scheme which drives the active contour evolving 
and converging at the desired position of the object boundary. Due to the local robust 
statistics and the volume scaling function in the energy fitting term, the object features 
in local volumes are learned adaptively to guide the motion of the contours, which 
thereby guarantees the capability of our method to cope with intensity inhomogene-
ity, noise and weak boundary. In addition, the initialization of active contour is simpli-
fied by select several seeds in the object and/or background to eliminate the sensitivity 
to initialization.

Results: The proposed method was applied to extensive public available volumet-
ric medical images with challenging image conditions. The segmentation results of 
various anatomical structures, such as white matter (WM), atrium, caudate nucleus 
and brain tumor, were evaluated quantitatively by comparing with the correspond-
ing ground truths. It was found that the proposed method achieves consistent and 
coherent segmentation accuracy of 0.9246 ± 0.0068 for WM, 0.9043 ± 0.0131 for liver 
tumors, 0.8725 ± 0.0374 for caudate nucleus, 0.8802 ± 0.0595 for brain tumors, etc., 
measured by Dice similarity coefficients value for the overlap between the algorithm 
one and the ground truth. Further comparative experimental results showed desirable 
performances of the proposed method over several well-known segmentation meth-
ods in terms of accuracy and robustness.

Conclusion: We proposed an approach to accurate segment volumetric medical 
images with complex conditions. The accuracy of segmentation, robustness to noise 
and contour initialization were validated on the basis of extensive MR and CT volumes.
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Background
Active contour models (ACMs) have been studied extensively in recent decades and 
widely used in image segmentation with promising results [1, 2]. Compared with the 
classical image segmentation methods, such as region-growing, edge detection and arti-
ficial neural network (ANN), ACMs have several desirable advantages. For example, the 
models can provide smooth and closed contours as segmentation results with sub-pixel 
accuracy [3], and meanwhile they can easily integrate with various prior knowledge [4]. 
A comparative study of major ACMs can be found in [5]. Generally, there are two major 
classes of ACMs: edge-based models [6, 7] and region-based models [8, 9].

Typical edge-based models drive active contour toward the object boundary using 
image gradient information. These models are very sensitive to noise and weak object 
boundary. These drawbacks limit their applications for medical images, which typically 
contain noise induced by the image acquisition process and fuzzy boundary caused by 
low contrast or partial volume effect [10]. In contrast to edge-based schemes, region-
based models have better performances in the presence of noise and weak boundary due 
to the utilization of certain region descriptors. However, most of the region-based mod-
els [11, 12] rely on the assumption of intensity homogeneity in each of the regions that 
compose the image domain, and therefore they usually fail to segment medical images 
with non uniform intensity.

In fact, real-world images are often distorted by intensity inhomogeneity and/or noisy 
weak object boundary. For medical images, such as MR and CT images, imperfect image 
conditions are usually caused by imperfections of imaging devices or imaging artifacts 
introduced by the movement of the object being imaged. In particular, due to the effects 
of non uniform magnetic fields and partial voluming, the intensity inhomogeneity and 
weak boundary often appear in MR images. Moreover, in order to fully utilize the infor-
mation given by the volumetric medical images, it needs to segment the volumetric 
image data directly in three dimension in some circumstance. The acquisition sequences 
which compose the volumetric image can also introduce intensity inhomogeneity that 
appears as an intensity variation across the image slices. Accuracy in volumetric medical 
image segmentation is therefore hard to achieve.

In the past several years, many efforts were put into complex medical image segmenta-
tion [13–15], in meeting the variety of needs of clinical diagnosing and therapy, including 
local region-based, graph-based, atlas-based, etc. Among these methods, local region-
based method is a widely used technique for segmentation of complex medical images. 
Local information can be extracted from local regions of inhomogenous images and be 
incorporated into the energy functional [16–18]. For example, Li et al. [19] proposed a 
data fitting energy by approximating image intensities in local regions at a controllable 
scale and then integrated it into a variational level set formulation for image segmenta-
tion. Lankton et  al. [20] developed a natural framework that allows any region-based 
segmentation energy to be re-formulated in a local way and evolve a contour based on 
local information. This method was later improved by Mille J. [21]. However, common 
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limitations of all these local region-based methods are that they generally are sensi-
tive to initial contour and high levels of noise. Some hybrid methods are also proposed 
that integrate local region-based level set methods with a good deal of image process-
ing techniques, such as clustering [22], global intensity fitting [23, 24], local statistical 
function [25], hierarchical voxel analysis in multi-resolution [26], patch-based sparse 
representation techniques [27] and signed pressure force (SPF) function [28], improv-
ing the segmentation performance of local region-based methods. The coefficients of 
these methods are, however, sometimes difficult to adjust, which limits their practical 
applications.

As proposed in [29], the bias field accounts for the intensity inhomogeneity, which 
can be corrected along with tissue segmentation based on an expectation-maximization 
(EM) algorithm. Therefore this method can deal with intensity inhomogeneity. Some 
related methods were later proposed in [30, 31], which have certain capability of han-
dling intensity inhomogeneity. However, due to the complicated and non-linear inten-
sity inhomogeneity, these methods may fail to get accurate segmentation results for the 
images in which the bias fields are hard to estimate.

Graph-based techniques have achieved good performances for natural image segmen-
tation, such as graph cuts [32–34], random walker [35], isoperimetric graph partitioning 
[36] and normalized Cuts [37], which map the image elements onto a mathematically 
sound graph, and then segmentation proceeds by the flexible and efficient tools from 
graph theories [38]. As for the complex medical image segmentation in the presence of 
imperfect image conditions, Liu et  al. [39] and Petersen et  al. [40] make use of novel 
graph-based segmentation methods to extract non-intersecting columns that are appli-
cable for surfaces with high curvature or complex shapes, such as human airway walls. 
Huang et al. [41, 42] provided a robust graph-based segmentation algorithm to extract 
breast tumors in ultrasound images with speckles and low contrast. Li et al. [43] devel-
oped a graph-theoretic approach to efficient segment object boundaries in volumetric 
data sets. Song et al. [44] presented an inhomogeneity correction method by adaptively 
adjusting the edge weights in graph cuts for brain MRI segmentation. However, many 
popular graph-based segmentation methods are restricted by image size in practice due 
to the increasingly computational and memory burdens as more nodes and edges are 
added to the graph. Especially for volumetric medical images, which can contain billions 
of voxels, segmentation on volumetric graph defined over such large volumes of data 
would be intractable [45].

As an extension of graph-based methods, atlas-based methods make use of spa-
tial prior information, which can be generated from manual or automated segmenta-
tion of training images, to guide the segmentation of the target images [46]. In order 
to compensate for the potential biases and errors, individual atlases can be further 
fused as multi-atlas [47–49]. Atlas-based methods often exhibit good performances for 
many physiological structure segmentation tasks even in the presence of reduced tis-
sue contrast and increased noise [50, 51]. However, they are challenged by the problem 
of pathology segmentation due to the considerable variation of these pathologies across 
patients in terms of shape, size, and localization.

Machine learning methods, in particular, random forest (RF) methods have recently 
enjoyed the increased attentions in the complex medical image segmentation [52, 53]. 
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They are inherently suited for handling a large number of multi-class image data with 
high image feature dimension, and achieve promising results for some tissue segmen-
tation tasks [54]. For example, Li Wang et  al. [55] proposed a RF-based multi-source 
integration framework for segmentation of infant brain images by fully capturing both 
local and contextual image information. Tustison et  al. [56] incorporated the optimal 
symmetric multimodal templates into the concatenated random forests for supervised 
brain tumor segmentation. One of the few drawbacks of the RF-based methods is that an 
unsophisticated depth of the decision tree will likely lead to under-fitting or over-fitting.

Besides, most of the above-mentioned methods perform segmentation in 2D whose 
scalability to 3D are not tested. Segmentation algorithms that focus on volumetric data 
are potentially more efficient and perform better in complex tissue areas [57, 58]. For 
instance, Gu et al. [59] initialized a 3D active surface model inside the airway regions 
and thereafter allowed this model to evolve under predefined external and internal 
forces automatically to reach the airway wall. Ukwatta et al. [60] developed a new cou-
pled min-cut/max-flow formulation for 3D segmentation of the femoral artery lumen 
and outer wall from black-blood MR images. Yaqub et al. [61] investigated the role of 
feature selection and weighted voting within the random forest classification framework 
for 3D volumetric segmentation. Chandra et al. [62] integrated the weighted shape pri-
ors into the deformable models for hip joint segmentation in 3D MR images. Jiang et al. 
[63] proposed a 3D brain tumor segmentation method by learning the population- and 
patient-specific feature sets of multimodal MR images. Compared with 2D segmentation 
techniques, more image information can be fed into the 3D segmentation algorithms, 
and more complex image conditions are imposed at the same time, which makes the 3D 
segmentation a challenge problem. Furthermore, most of the 3D segmentation methods 
are designed for segmenting specific anatomical structures and lack the ability of seg-
menting multi-class structures.

Recently, the probability distribution function (PDF) based description has attracted 
rapidly growing interest [64, 65]. This approach introduces alternative similarity meas-
urements into the level set framework base on PDFs extracted from the regions on the 
two sides of the evolving contour [66, 67]. This strategy has been proven to be efficient 
for describing the images with complex local information [68].

Related works

The region‑scalable fitting (RSF) model

In order to cope with intensity inhomogeneity, Li et al. [19, 69]. proposed the RSF model 
by utilizing the image intensity information in local regions. By introducing a kernel 
function, they defined the following energy functional:

(1)

εFit(C , f1, f2) = �1

∫
[
∫

outside(C)
Kσ (x − y)

∣

∣I(y)− f1(x)
∣

∣

2
dy

]

dx

+ �2

∫
[
∫

inside(C)
Kσ (x − y)

∣

∣I(y)− f2(x)
∣

∣

2
dy

]

dx

+ ν|C|
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where Kσ is a Gaussian kernel with standard deviation σ, f1 and f2 are two spatially vary-
ing fitting functions that locally approximate the intensities on the two sides of the con-
tour C, respectively.

This energy can be expressed by a level set formulation, and then the image segmenta-
tion problem can be converted to minimizing the energy functional F(φ, f1, f2) by solving 
the level set evolution equation as follows: 

with 

Due to the localization property of the kernel function, local intensity information is 
extracted to guide the evolution of the active contour, which thereby enables the RSF 
model to achieve promising results. However, because of many local minimums of the 
energy functional which are introduced by such localization property, the segmentation 
results are sensitive to contour initialization.

The local robust statistics (LRS) model

Gao [70] proposed a local robust statistics based conformal metric and the conformal 
area driven multiple active contour framework, to simultaneously segment multiple 
objects from 3D medical imagery. Let I : Ω → ℜ where Ω ⊂ ℜd and d ∈ {2, 3} be the 
image to be segmented, Ci ⊂ Ω be the family of evolving closed contour. The variable x 
in f(x) is a point in Ω. Without interactions among contour, they proposed the following 
energy functional: 

where in the first term the seed groups are characterized by the probability density func-
tion pi(f(x)) of the robust statistics feature vectors f(x) whose variance can be adjusted 
according to the intensity inhomogeneity of the target and the second term is the surface 
area. Moreover, the pc is the cut-off probability density used to prevent the contour leak-
age [71] and is fixed at 0.1 as suggested there. The smoothness factor λ is nonnegative 
constant.

With the interaction among curves, the energy functional in Eq. 3 is updated as 
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where the third term estimates the speeds of the curves except Ci and the exponential 
term in the third term controls the influence range of the speed. By minimizing the 
energy functional, the contours evolve towards the objects boundaries.

Such evolution is a curve expansion scheme which tries to maximize the area the sur-
face encloses. Because the interactions between the contours are incorporated into the 
evolution, the contour leakage is effectively reduced. Whereas, an unsophisticated pc 
term in Eq.  4 may stop the contour evolving before the interactions happening, if the 
intensities in both sides of the curves are inhomogeneous. Moreover, without taking 
similarity of adjacent points into account, the segmentation results of the LRS model for 
images with inhomogeneity are not sufficiently satisfying. For example, Fig. 1 shows the 
initial seeds and the segmentation results for a brain volumetric MR image with intensity 
inhomogeneity and weak object boundary [72]. It can be seen from Fig. 1b that a lower 
intensity inhomogeneity hypothesis in parameter setting causes the contour leakage, 
while some detailed regions are still under-segmented. On the other hand, if a higher 
intensity inhomogeneity is hypothesized, the under-segmentation is severe, as shown in 
Fig. 1c.

In this paper, we propose a novel volume-scalable ACM via PDF based description of 
local robust statistics for volumetric medical image segmentation. Specifically, we first 
define a feature vector with volume-scalable robust statistics in order to make better use 
of volumetric image information, which are presented by the initial seeds and the local 
volumes on the two sides of the evolving contour, rather than just using image inten-
sity. A kernel function controls the volume-scalability of the robust statistics with a scale 
parameter, which allows the use of local statistics information around the center voxels 
at a flexible scale. We then define a volume-scalable fitting energy functional in terms of 
two fitting functions that derived from feature vectors afore mentioned. This energy is 
then incorporated into a variational level set formulation with a level set regularization 
term and a smooth term. In the associated curve evolution, the motion of the active con-
tour is driven by the two fitting functions, induced by the robust statistics information in 
local volumes at a certain scale. As a result, the proposed model can be used to segment 
volumetric medical images with intensity inhomogeneity as well as noisy weak object 
boundary.

Fig. 1 Results of the LRS model. a An axial slice of the original volumetric image and the initial seeds (shown 
in red). b, c The segmentation results with lower intensity inhomogeneity hypothesis and higher intensity 
hypothesis in parameter setting, respectively. The red contour is generated by the LRS model, while the blue 
contour represents expert manual segmentation, and the green contour is where the algorithm ones coin-
cide with the manual ones
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Methods
Our approach for the segmentation of volumetric medical images is based on a new 
energy functional. In this section, we first describe the original robust statistics fitting 
energy formulation of the functional in local volumes at multi-scales. Then, we intro-
duce a reformulation as variational level set model.

Volume‑scalable robust statistics feature vector learning

Denote the vector valued image to be segmented as I : Ω → ℜd where Ω ⊂ ℜ3 is the 
image domain, and d ≥  1 is the dimension of the vector I(x). Let L : Ω → {0, 1} be a 
label map in the image domain Ω, which separates Ω into the target object volume: 
Ω1 = {x ⊂ Ω : L(x) = 1} and the background volume: Ω2 = {x ⊂ Ω : L(x) = 0}. In par-
ticular, ΩSeeds_1 and ΩSeeds_2 indicate the user provided seeded target object volume and 
seeded background volume, respectively.

In images with complex conditions, general information about the target/background 
given by the label map in 2D, such as image intensity and location of the target, are not 
descriptive enough. For fully utilizing the information provided by the initial label map 
in 3D, not only the locations of the seeds, but also some sample voxels contained in seed 
volumes are taken into account in this work. Hence, more information can be extracted 
at each voxel and a feature image f : Ω → ℜDf  is formed. Then, images are segmented 
with the feature image assisted. In this work, we choose local robust statistics [73] to 
construct the feature vectors for their insensitivity to image noise and computational 
efficiency.

Numerically, in computing the robust statistics in local volumes at a controllable scale 
and assigning different weights to the data for voexls according to their distance to the 
central voxel, we define the weighting neighborhood using a non-negative kernel func-
tion K such that K(u) ≤ K(v) for |u| > |v| and ∫K (x)dx = 1

There are various choices for the kernel function. In this work, we use the Gaussian 
kernel

with a scale parameter σ > 0.
Then, within the kernel controlled neighborhood B(x) ⊂ Ω of voxel x, we define the 

feature vector f (x) ∈ ℜDf  for each voxel x ∈ Ω by combining several volume-scalable 
robust statistics. More explicitly, we denote

as the volume-scalable intensity mean value within B(x). In addition, for bypassing the 
influence of outliers when calculating the local intensity range, the distance between 
the first and third kernel function weighted quartiles, namely the volume-scalable inter-
quartile range VSIQR(x), is calculated as the second feature. Furthermore, the intensity 
variance is a good character for the local volume but again it is sensitive to outliers. To 
improve the robustness, the weighted intensity variance is chosen to be the third feature 
and is calculated as

(5)Kσ (u) =
1

(2π)n/2σ n
e−|u|2

/

2σ 2

(6)VSMEAN (x) :=
Kσ (x) ∗ I(x)

Kσ (x) ∗ 1
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Consequently, the feature vector f(x) is defined as

It is necessary to elaborate on the meaning of the feature vector in the following. First, 
f(x) is a weighted statistics of the voxels y in the neighborhood of the center voxel x, 
with Kσ

(

x − y
)

 as the weight assigned to each voxel y via convolution operation. Due to 
the localization property of the kernel function, the voxels that are close to the center 
voxel and give more contribution to the robust statistics are assigned high weight. On 
the contrary, the voxels that are far away from the center voxel are assigned low weight. 
Therefore, the feature vector f(x) is dominated by the voxels y in a neighborhood of x. 
Second, the feature vector is volume-scalable in the following sense. The feature vec-
tor approximate the image character in a volume centered at the voxel x, whose size 
can be controlled by the kernel function. In particular, the Gaussian kernel with a large 
σ specify a large neighborhood of the voxel x, while the Gaussian kernel with a small 
σ specify a small volume centered at x. In this sense, we say that the feature vector is 
volume-scalable.

Voxel characterization using the PDFs of the feature vectors

With the volume-scalable feature vectors defined in Eq. 8, each voxel x can be character-
ized by combining the PDFs of the feature vectors derived in the seeded volumes with 
that derived in a neighborhood around voxel x. The characterization of voxel x is then 
described as follows: 

where in the first term the z is the seed voxel belongs to seed volume ΩSeeds_i and the 
second term is a weighted average of the probability distribution p in a neighborhood 
of voxel x, whose size is controlled by the scale parameter η of the kernel function Kη 
given by Eq. 5. Moreover, the μi in the probability density approximate image characters 
in local volume Ωi which will be formulated in Section “Energy minimization”. Note that 
the choices to model the probability distribution p in Eq. 9 are flexible. In this work, we 
use the Gaussian distribution, whose variance can be adjusted according to the WIV of 
the voxels which were used to characterize the voxel x.

The ω in Eq. 9 is a positive constant (0 ≤ ω ≤ 1), and it balance the importance of user 
selected seeds and the local volumes. This can be illustrated by a 2D example shown 
in Fig.  2. The initial seeded foreground region ΩSeeds_1 and seeded background region 
ΩSeeds_2 are plotted in red and blue points, respectively. The yellow and green regions 
represent the intermediate local foreground region Ω1 and local background region Ω2, 
respectively. It can be seen that when a specific object is desired, the voxel x should be 

(7)
WIV (x) :=

(

Kσ (x) ∗ (I(x)− VSMEAN (x))2

Kσ (x) ∗ 1

)
1
2

(8)f (x) = (VSMEAN (x),VSIQR(x),WIV (x))T ∈ ℜ3

(9)

Pi(x) = (1− ω)
1

|ΩSeeds_i|

∑

z∈ΩSeeds_i

p
(

f (x)− f (z)
)

+ ω

∫

Ωi

Kη(x − y)p
(

µi(x)− f (y)
)

dy, i = 1, 2
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characterized mainly by the seeded region and the parameter value ω should be chosen 
small enough. The selection of the parameter ω is discussed in “Discussion” section.

Definition of volume‑scalable robust statistics fitting energy for single voxel

With the user provided label map L, for a given voxel x ∈ Ω, we define the following 
volume-scalable robust statistics fitting (VSRF) energy: 

where λ1 and λ2 are positive constants, P1 and P2 are two values defined in Eq. 9 that 
characterize image voxels with seeded volumes and neighbor volumes. Kη is the kernel 
function given by Eq. 5, which control the size of a local volume centered at the voxel x. 
Then, the statistic character of voxels in the neighbor volume of voxel x are effectively 
involved in the above fitting energy. In this sense, the robust statistics fitting energy is 
also volume scalable.

Contrasting to the ordinary region based schemes where the fitting energy is mini-
mized, here we try to maximize the fitting energy ɛxVSRF in Eq. 10. Essentially, if in cer-
tain volume the label L is exactly separating the object from the background and the 
fitting values P1 and P2 optimally approximate the local robust statistics character of vox-
els with different labels, the value of fitting energy ɛxVSRF is big. Therefore, partial object 
boundary can be achieved. However, in the following discussion the energy term will be 
integrated with regularization terms which need to be minimized. For unification, the 
maximization needs to be converted to the minimization. There are various approaches 

(10)εVSRFx (L,P1,P2) =

2
∑

i=1

�i

∫

Ωi

Kη(x − y)Pi(y)dy

Fig. 2 Characterization of a center voxel x. Voxel x is characterized by the voxels in a neighborhood around 
voxel x and in the seeded regions, respectively
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to perform the conversion. In this work, the maximization of the energy in Eq.  10 is 
extended by simply adding a negative sign, obtaining a new fitting energy given by 

Definition of energy functional for entire volumetric data

Now, we define the following energy functional:

where the fitting energy ɛxVSRF is integrated over all the center voxels x in the 3D image 
domain Ω. By minimizing the integral, we can obtain the entire object boundary. We 
will give a level set formulation of the energy functional in the next subsection.

Volume‑scalable level set formulation

Let φ be the level set function and H(·) be the Heaviside function, and then the fitting 
energy ɛxVSRF (L, P1, P2) can be expressed as 

Thus, we define the following energy functional: 

As in most level set methods [11, 74], we introduce a level set regularization term and 
a smoothness term in our variational level set formulation. The level set regularization 
term can be defined as 

and the smoothness term can be defined as 

Then, we define the entire energy functional 

where ν and μ are positive constants.

(11)εVSRFx (L,P1,P2) = −

2
∑

i=1

�i

∫

Ωi

Kη(x − y)Pi(y)dy.

(12)εVSRF (L,P1,P2) =

∫

Ω

εVSRFx (L,P1,P2)dx

(13)

εVSRFx (φ,P1,P2) = −�1

∫

Kη(x − y)P1(y)H
(

φ(y)
)

dy

− �2

∫

Kη(x − y)P2(y)
(

1−H
(

φ(y)
))

dy

(14)

εVSRF (φ,P1,P2) = −�1

∫
(
∫

Kη(x − y)P1(y)H
(

φ(y)
)

dy

)

dx

− �2

∫
(
∫

Kη(x − y)P2(y)
(

1−H
(

φ(y)
))

dy

)

dx

(15)P(φ) =

∫

1

2
(|∇φ(x)| − 1)2dx

(16)L(φ) =

∫

Ω

|∇H(φ(x))|dx

(17)F(φ,P1,P2) = εVSRF (φ,P1,P2)+ νL(φ)+ µP(φ)
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Contour evolution with level set energy functional minimization

Keeping φ fixed and minimizing the energy functional F(φ, P1, P2) in Eq. 17 with respect 
to the functions P1 and P2, we deduce the following optimal expressions for the func-
tions P1 and P2 that minimize F(φ, P1, P2): 

With 

Keeping P1 and P2 fixed, we minimize the energy functional F(φ, P1, P2) in Eq. 17 with 
respect to φ using first variation of F by solving the gradient descent flow of φ as follows: 

where δ is the Dirac delta function, and e1 and e2 are the functions 

in which P1 and P2 are given by Eq. 18.
In the proposed method, the segmentation problem can be solved by evolving the 

level set equation Eq. 20. The first term in Eq. 20 makes sure that the active contour can 
evolve toward object boundary. The second and third term maintain the smoothness of 
the zero level contour and the regularity of the level set function, respectively.

Results
All the spatial partial derivatives of φ can be discretized with a finite differences scheme 
as developed in [75]. The temporal derivative is discretized as a forward difference with 
a semi-implicit Gauss–Seidel method [76]. In order to learn the object features and start 
contour evolution, the initial label map is needed, and this can be done with ease by 
drawing some seeds/strokes in some slices of the volumetric image. Accordingly, the 
level set function ф can be simply initialized as a signed distance function. Then, the 
level set function ф is updated iteratively after the update of the fitting functions P1 and 

(18)

P1(x) = (1− ω)
1

|ΩSeeds_1|

∑

z∈ΩSeeds_1

p
(

f (x)− f (z)
)

+ ω

∫

Kη(x − y)p
(

µ1(x)− f (y))H(φ(y)
)

dy,

P2(x) = (1− ω)
1

|ΩSeeds_2|

∑

z∈ΩSeeds_2

p
(

f (x)− f (z)
)

+ ω

∫

Kη(x − y)p
(

µ2(x)− f (y)
)(

1−H
(

φ(y)
))

dy

(19)

µ1(x) =

∫

Kη(x − y)f (y)H
(

φ(y)
)

dy
∫

Kη(x − y)H
(

φ(y)
)

dy
,

µ2(x) =

∫

Kη(x − y)f (y)
(

1−H
(

φ(y)
))

dy
∫

Kη(x − y)
(

1−H
(

φ(y)
))

dy

(20)
∂φ

∂t
= δ(φ)(�1e1 − �2e2)+ νδ(φ) div

(

∇φ

|∇φ|

)

+ µ

(

∇2φ − div

(

∇φ

|∇φ|

))

(21)ei(x) =

∫

Kη(x − y)Pi(y)dy, i = 1, 2
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P2 at every time step. The volume rendering was implemented using the “Model Maker” 
module in 3D Slicer [77].

The proposed method has been extensively tested with synthetic and real volumetric 
medical imagery segmentation datasets. Unless otherwise specified, we set the following 
default values for the parameters in our method: 

The influence of different key parameters on the segmentation results of the proposed 
method will be discussed in “Discussion” section.

We first show the results for four synthetic brain volumetric MR images with slice 
thickness 1 mm and image size 180 × 180 × 216, which are downloaded from BrainWeb 
[78–81], in Fig.  3. These images have the same WM but different degrees of intensity 
inhomogeneity and different levels of noise. We draw the initial seeds on the images in 
the first column to learn the object features and start contour evolution. Although we 
only show some strokes with free locations in one slice of the volumetric images, indeed, 
the seeds can be drawn anywhere inside the volumetric images. The details about the 
initial contours will be shown in Fig. 7. The final contours in three standard views are 

σ = 0.5, η = 3.0, �1 = 1.0, �2 = 2.0, timeStep ∆t = 0.1, ω = 0.4, µ = 1.0, and ν = 0.

Fig. 3 Performances of our method for synthetic images with different degrees of intensity inhomogeneity 
and noise. Column 1 one axial slice of the original brain volumetric MR images and the initial seeded labels 
(red strokes). Columns 2, 3 and 4 segmentation results (green contours) in axial, sagittal, and coronal views. 
Column 5 the 3D surface model of the segmentation results
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shown in the middle three columns and the last column gives 3D surface models of the 
segmented objects.

The first row in Fig. 3 shows the segmentation result for the image with 20 % degree 
of intensity non-uniformity (INU). It can be seen that our method can handle inten-
sity inhomogeneity well and successfully extracts the object boundaries. The second 
row shows the segmentation result of the image with 40  % degree of INU. As can be 
observed, despite the severe intensity inhomogeneity in the image, our method is able to 
produce satisfactory segmentation result.

In order to test the robustness of our method to noise, we generated the third and 
forth rows in Fig. 3 by adding zero mean Gaussian noise into the 20 % INU contami-
nated image in the first row with standard deviation (STD) of 10 and 30, respectively. 
Reinforced by the robust statistics features, our method is robust to noise contamina-
tion, which is confirmed by the segmentation results shown in the third and forth rows. 
In the third row, it can be seen that although the STD of the Gaussian noise is 10 which 
is high relative to the image contrast ranging from 0 to 200, the algorithm can still seg-
ment the image very well. In the forth row, the STD of added noise increases to 30, and 
some part of the object boundary is blurred heavily by the strong noise. In this case, 
although the segmentation result is not as good as before, the algorithm still captures the 
WM correctly, which demonstrates the advantage of our method in terms of the robust-
ness to the noise.

By visual inspection, the proposed method achieves desirable performances for these 
synthetic images with various INU degree and noise level, which is also confirmed by the 
HD values as provided in Table 1.

Intensity inhomogeneity and noisy weak object boundary often occur in real medi-
cal images, which render it a nontrivial task to segment the target from the background 
accurately. Figure 4 shows the results of the proposed method for five typical volumetric 
medical images with complex image conditions. In particular, the brain MR image in the 
first row has been used in Fig. 1, by which we have demonstrated that the LRS model 
fails to segment the images due to the unsophisticated parameter setting and the inten-
sity inhomogeneity.

The first row shows the result for a brain MR image which is corrupted severely by 
intensity inhomogeneity. In this image, some parts of the WM have even lower inten-
sities than parts of the gray matter (GM) have. The second row shows the result for a 
MR image of caudate nucleus [82]. Due to the poor contrast with the surrounding tis-
sues, it is difficult to extract the caudate nucleus from the background. The third row 
shows the result for a MR image of a brain with meningioma [83]. As can be seen in 
this image, parts of the meningioma boundaries are blurred. The forth and the bottom 
rows show the results for a MR image of left atrium [84] and a CT image of liver tumors 

Table 1 The HD values of  segmenting the WM, under  various conditions, comparing 
with the ground truth

INU degree  
and noise STD

20 % INU  
and 0 STD

40 % INU  
and 0 STD

20 % INU  
and 10 STD

20 % INU 
and 30 STD

HD (mm) 1.76 7.65 3.9 10.06
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[85], respectively. Both of the images are contaminated with weak object boundaries 
due to partial volume effect and low contrast, respectively. Our method has successfully 
extracted the object boundaries in these challenging images, as shown in the last column 
of Fig. 4. The advantage of the proposed method in terms of accuracy is also confirmed 
by the average DSC values for WM, caudate nucleus, left atrium and liver tumors on 
all subjects within each above-mentioned dataset. The meningioma is not included in 
calculating the average DSC value because there is only one subject in this dataset. Spe-
cifically, the average DSC value are 0.9246 ±  0.0068 (WM), 0.8725 ±  0.0374 (caudate 
nucleus), 0.9205 ± 0.0146 (left atrium) and 0.9043 ± 0.0131 (liver tumors), respectively.

Figure  5 shows the brain tumor segmentation of a real volumetric brain MR image 
with obvious intensity inhomogeneity and weak object boundary. Brain tumor image 
data used in this work were obtained from the MICCAI 2012 Challenge on Multi-
modal Brain Tumor Segmentation organized by B. Menze, A. Jakab, S. Bauer, M. Reyes, 
M. Prastawa, and K. Van Leemput. The challenge database contains fully anonymized 

Fig. 4 Segmentation results of our method for real volumetric medical images. Column 1 original images; 
columns 2 and 3 the intermediate 3D surface models; column 4 the 3D surface model of the final segmenta-
tion results
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images from the following institutions: ETH Zurich, University of Bern, University of 
Debrecen, and University of Utah [86].

For this image from single modality, we aim at segmenting the brain tumor and the 
edema volumes integrally. From left image to the right one are the axial slice extracted 
from the original volumetric MR image, the results obtained by two well-known 2D 
methods: the RSF model and the SBGFRLS model [28], and by our 3D segmentation 
method, respectively. For this and the following brain tumor images, we use the follow-
ing parameters in our model:

Note that we choose a smaller value ω for these images to cope with the severe inten-
sity inhomogeneity by strengthening the influence of the intensity in the desired target 
(the tumor region), as explained in “Discussion” section. In this and the following exper-
iments, we choose smaller λ2 and ν than in the previous experiments to further encour-
age the expansion of the contour to the inhomogeneous hybrid volumetric region. As 
can be seen from Fig. 5, because the intensity of the hybrid lesion region with both brain 
tumor and edema are very inhomogeneous and some intensities of the edema regions in 
the right and middle parts are very similar to those of the adjacent non-lesion regions, 
the results (shown as green contours) obtained by the RSF model and the SBGFRLS 
model are less accurate: part of the tumor is incorrectly identified as the non-lesion 
region, while parts of non-lesion regions are included into the result. By contrast, our 
method segments the lesions more accurately, which demonstrate the advantage of our 
method over these 2D segmentation methods.

To demonstrate the advantage of our method in terms of accuracy more clearly, we 
show multiple slices in three standard views and the final segmentation result obtained 
by our method in Fig. 6. It can be clearly seen that our method correctly recovers the 
boundaries of the brain tumor in the volumetric MR image.

We evaluate the performance of our method with 10 different initializations of the 
contour for the same volumetric image which has been used in Fig. 6. The orthogonal 
slice views in Fig.  7a–d show four of the 10 initial seeded contours. The correspond-
ing 3D surface models overlayed on the three orthogonal slices, are shown in Fig. 7e–
f. Note that in these four different initializations, the initial contours are simplified as 
seeded labels, which are different from the closed initial contours in traditional ACMs 

σ = 0.5, η = 3.0, �1 = �2 = 1.0, timeStep ∆t = 0.1, ω = 0.1, µ = 1.0, and ν = 0.

Fig. 5 The original axial slices are overlaid with the segmentation results of three different segmentation 
method. a The axial slice from the original volumetric data. b Result of the RSF model. c Result of the SBGFRLS 
model. d Result of our method
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Fig. 6 Multiple slices of the 3D segmentation results in Fig. 5d. The final contours (shown as green contours 
in the 1–7 columns) and the 3D surface models (shown as blue volumes in the last column) overlaid on the 
corresponding axial slices (in the first row), the sagittal slices (in the second row) and the coronal slices (in the 
last row), respectively

Fig. 7 Facilitation and robustness of our method to contour initializations. a–d Different initial seeded labels 
(red strokes indicated by dashed yellow circles) are drawn inside the same target. e–h The corresponding 
3D surface models (blue volumes) and some main differences of the resulting segmentations (indicated by 
arrows)
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and, therefore, facilitate user interaction. Moreover, instead of roughly drawing the seeds 
around the center region of the target as proposed in [70], we draw the initial seeded 
labels in random position in our method as long as they are inside the target. It can 
be seen from Fig. 7 that despite the great difference of these initializations, the corre-
sponding segmentation results are quite consistent with each other. The boundaries of 
the objects of interest (the lesion regions) are accurately captured for these different ini-
tializations. The average DSC value for the 10 segmentation results with different ini-
tializations is 0.9216 ± 0.0037, which again demonstrates the advantage of the proposed 
method in terms of robustness to contour initialization.

Validation and method comparison

Previous experimental results for the RSF model and the SBGFRLS model shown in 
Fig. 5 and those of the proposed method shown in Figs. 3, 4, 5, 6 and 7 have demon-
strated the advantages of the proposed method over these three models. We now quan-
titatively evaluate and compare the performances of the proposed method and the 
well-known 3D segmentation softwares ITK-SNAP [87], Seg3D [88] and 3D Slicer [77].

We first show the results of comparison with ITK-SNAP and Seg3D. ITK-SNAP and 
Seg3D are two very nice open-source softwares providing optional algorithms for 3D 
image segmentation, both which can achieve excellent results by incorporating the 
algorithms with expert manual refinements in the friendly software environment. In 
this work, we employ the region competition based active contour algorithms, which 
are embedded in these softwares, for comparison without further manual segmenta-
tion. The segmentation workflow in ITK-SNAP is divided into three logical stages. We 
notice that the manual pre-segmentation in the first stage, which is performed by apply-
ing a smooth threshold, has a significant impact on the final segmentation result. In the 
following tests, in order to compare the performances of the algorithms, we used the 
default smooth thresholds for the 1–3 images and manual tuned thresholds for the 4–5 
images, which can not generate reasonable results by applying default thresholds. In par-
ticular, we set the two-sided thresholds as (418, 703) and (400, 660) for the forth and 
fifth images, respectively. We also tweaked other major parameters in ITK-SNAP and 
Seg3D, respectively, for the best segmentation results for these five images. All the three 
segmentation methods used the same initial labels for each image, as shown in the first 
column of Fig. 8.

Figure 8 shows the performances of ITK-SNAP, Seg3D and the proposed method on 
five real brain volumetric MR images with complex image conditions, such as low con-
trast, intensity inhomogeneity, different level of noise, and weak object boundary. The 
original low- and high-grade glioma MR images from BRATS12 data sets [86] and the 
initial labels are shown in the first column. The corresponding ground truths posted with 
these images are shown in the second column. The segmentation results obtained by 
ITK-SNAP, Seg3D and the proposed method are plotted on the images in the third, forth 
and fifth columns, respectively. It can be observed that the segmentation results of the 
three methods for the first image look similar to the ground truth by visual comparison, 
showing the capability of these methods in handling intensity inhomogeneity. However, 
for the second and third images in which the overlaps of the tissue intensity distributions 
are too large even for human observers, the errors of ITK-SNAP and Seg3D are obvious. 
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By contrast, the proposed method generates visually reasonable segmentation results. 
For the 4–5 images with weak object boundaries, the leakage issue of ITK-SNAP is seri-
ous, while Seg3D and our method generate visually comparative results. The following 
experiment can demonstrate the significant advantage of our method by quantitative 
evaluating the segmentation results.

We perform more objective and precise comparison of the three methods in terms 
of segmentation accuracy by using the DSC as the metric. The DSC values of the three 

Fig. 8 Comparison of our method with ITK-SNAP and Seg3D on five real brain tumor volumetric MR images. 
Column 1 the initial labels (red bubbles) and slices of the original volumetric images with complex image 
conditions; column 2 ground truth; column 3 results of ITK-SNAP for five images with region competition force 
α and the smoothing force β represented as a pair (α, β) = (0.65, 0.35), (0.65, 0.35), (0.55, 0.25), (0.5, 0.03), and 
(0.7, 0.25) in the order from left to right; column 4 results of Seg3D with threshold range TR, curvature weight 
CW, and propagation weight PW represented as a triple (TR, CW, PW) = (2,5, 0.1), (3.8, 7, 0.1), (2.55, 3, 0.1), (2.3, 
3, 0.1), and (2.1, 3, 0.1) in the order from left to right; column 5 results of the proposed method
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methods are computed against the ground truth, and are provided in Table 2 for the five 
brain tumor images previously used and Fig. 9 for all the 80 cases from BRATS12 train-
ing data sets, respectively. As can be seen, the proposed method achieves more accurate 
and robust segmentation results. Specifically, the DSC values of ITK-SNAP, Seg3D and 
the proposed method on the 80 cases of BRATS12 training data sets are 0.8102 ± 0.0718, 
0.7665 ± 0.1586 and 0.8802 ± 0.0595, respectively.

For comparison with 3D Slicer, we used the “Robust Statistics Segmenter” module 
embedded in 3D Slicer, which is a fast implementation of the LRS model [70]. Figure 10 
shows the results of comparison with the LRS model. We notice that the segmentation 
result of LRS model is somewhat sensitive to the locations of the initial seeds/strokes 
and the choice of three major parameters: approximate volume AV, intensity homogene-
ity IH and boundary smoothness BS. We have carefully initialized the seeds and tweaked 
these three parameters, which are represented as a triple (AV, IH, BS) = (400, 0.6, 0.07), 
(200, 0.1, 0.2) and (900, 0.05, 0.02) in the order from left to right, for the best segmen-
tation results for these three images [86] in rows 1, 3 and 5 in Fig. 10. Both the images 
and the parameters in rows 2, 4 and 6 are the same as that in rows 1, 3 and 5 in the same 
order. In order to compare the robustness of the two methods to seed initialization, we 

Table 2 The DSC values for the segmentation results of the three different methods on five 
images in Fig. 8

Approach Images in Fig. 8 in the same order

Img. 1 Img. 2 Img. 3 Img. 4 Img. 5

ITK-SNAP 0.8966 0.9054 0.8242 0.8025 0.8974

Seg3D 0.9024 0.9032 0.8827 0.8744 0.9074

Proposed 0.9543 0.9149 0.9097 0.9108 0.9242

Fig. 9 The DSC values of three different segmentation methods on 80 images from BRATS12 data sets. The 
proposed method achieved more accurate and consistent segmentation results compared with ITK-SNAP 
and Seg3D
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Fig. 10 Comparison of our method with the LRS model in 3D Slicer on three groups of brain tumor volumet-
ric MR images. Column 1 Different initial seeded labels (red strokes) are drawn on the original images; column 2 
ground truth; column 3 the LRS model; column 4 the proposed method
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roughly placed the seed labels in the images in rows 2, 4 and 6. Our model and the LRS 
model use the same initial seeds in each row.

By visual inspection, the proposed model and the LRS model achieve comparable 
results with sophisticated seed placement (see rows 1, 3 and 5 in Fig. 10), while the pro-
posed model exhibits higher segmentation accuracy and robustness than the LRS model 
dose with rough initial seeds (see rows 2, 4 and 6 in Fig. 10). To qualitatively compare the 
results of different models, the DSC values of these two models are computed against 
the ground truth, and are provided in Table 3 for the images in Fig. 10, which clearly 
demonstrates the advantage of our model over the LRS model.

The proposed model is also superior in terms of user interaction. Both the proposed 
model and the LRS model are semi-automatic methods. Given a small number of user-
specified seed labels, the rest of the image can be segmented automatically. The main 
portion of user interaction in these two models is selecting the initial seeds. Due to the 
significant advantage of the proposed method in terms of robustness to contour initiali-
zation, which has been demonstrated by the experimental results shown in Fig. 10 and 
Table 3, the user initialization scheme of the proposed method can be easier to imple-
ment than that of the LRS model.

In is necessary to note that although a large variety of imaging modalities with dif-
ferent types of biological information can be used for improving the accuracy of tumor 
delineations, a combination of imaging modalities is beyond the scope of this paper. 
Therefore, we do not claim to have the best multimodal segmentation, but instead pre-
sent a promising single modal image segmentation approach which gives some meth-
odological improvements of the field.

Discussion
Impact of the parameters

There are two scale parameters σ and η in the proposed model which control the scales of 
volumes in calculating the robust statistics features and the fitting energies, respectively. 
Although we set fixed values for both the two scale parameters in this work, different scale 
parameters can be incorporated into the proposed model to further improve the perfor-
mance. In order to examine the influence of these two scales parameters on the perfor-
mance of the proposed model, we segment the severe contaminated volumetric MR image 
used in the last row in Fig. 3 with our method using three different values for the two scale 
parameters. Table 4 shows the HD values of segmenting the WM and GM in the last row 
in Fig. 3, under various scale parameters σ and η, with respect to the ground truth.

Table 3 The DSC values for  the segmentation results of  the two different methods 
on images in Fig. 10

Approach Three images with different seed placement in Fig. 10 in the same order

Img. 1 Img. 2 Img. 3

Sophisticated 
initial seeds

Rough  
initial  
seeds

Sophisticated 
initial seeds

Rough  
initial  
seeds

Sophisticated 
initial seeds

Rough  
initial 
seeds

The LRS model 0.8890 0.7165 0.8636 0.6735 0.9263 0.8095

Proposed 0.9051 0.9042 0.8534 0.8396 0.9286 0.9296
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Intuitively, a smaller scale parameter η for the fitting energy can make the algorithm 
produce more accurate segmentation results in presence of intensity inhomogeneity, 
while a larger σ for the robust statistics feature increases the robustness of the proposed 
method in terms of noise. For various types of data, we examined and found that the two 
scale parameters η and σ need to be adjusted in the range from 3.0 to 30.0 according to 
the degree of intensity inhomogeneity, and from 0.5 to 5.0 according to the level of noise, 
respectively.

The parameter ω is a constant, which controls the influence of the user specified 
regions and the local volumes around the center voxels on the two sides of the evolving 
contours. With a larger parameter ω, the evolution of the contours in our method would 
be dominated by the native characters of the image like in the RSF model. In fact, the 
RSF model can be considered as an extreme case of the proposed model for ω → 1. This 
can be seen from the limit of the fitting function Pi in Eq. 9 as ω → 1. It can be shown 
that

The right-hand side in Eq. 22 is the robust statistics in the local volumes, which is in 
the same form of region-scalable fitting energy in the RSF model, while difference in the 
usage of local information.

Computational complexity

The main computational cost in the proposed method is for computing Pi in Eq. 18, ui 
in Eq. 19 and �1e1 − �2e2 in Eq. 20. The integrals in the numerators and denominators in 
these equations are computed for each voxel in the target volumetric image. By factor-
izing these integrals and merging similar terms, there are totally five integrals left to be 
computed at each iteration, resulting in segmentation running times of approximately 
10 s per iteration on a 256 × 256 × 186 pixel image.

Although the proposed method consists of a few computationally expensive steps, the 
computational efficiency can be significantly improved by using a narrow band scheme 
described in [21]. For example, the typical algorithm running time of the narrow band 
implementation of the proposed method for each case in the BRATS12 training data sets 
can be within 3 min, which were recorded from our experiments with c++  code run 
on a Lenovo Thinkpad T520i PC, with Intel Core i3 Processor, 2.30 GHz, 4 GB RAM, 
with Visual studio 2005 on Windows 7. Indeed, although we have schemes to accelerate 
the algorithm, their efficiency is never perfect. Sometimes, if the running speed is not 
fast enough, the parameters of the proposed algorithm may not be tuned with ease via 

(22)lim
ω→1

Pi(x) =

∫

Ωi

Kη(x − y)p
(

µi(x)− f (y)
)

dy, i = 1, 2 .

Table 4 The HD values for different combinations of the scale parameters

WM GM

η = 3.0 (mm) η = 6.0 (mm) η = 10.0 (mm) η = 3.0 (mm) η = 6.0 (mm) η = 10.0 (mm)

σ = 0.5 10.06 12.19 17.54 10.12 12.41 18.2

σ = 1.0 8.65 10.7 16.93 8.34 11.62 18.04

σ = 3.0 11.24 15.32 24.16 11.17 17.25 26.93
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trial-and-error. Therefore, in order to guarantee the scalability of the proposed method 
to large and growing databases, the computational efficiency need to be improved in the 
near future.

Some extensions

Currently we only use certain local robust statistics for image features extraction. How-
ever, the proposed volume-scalable method provides a basic scheme into which more 
sophisticated image features can be incorporated, such as Fourier and wavelet features. 
Some priori information, such as the shape priors, can also be incorporated into the pro-
posed scheme. Combined with the fitting energy functional, this is expected to further 
improve the accuracy and robustness of the proposed method. Moreover, although the 
proposed method has been accelerated by a narrow band scheme, the computational 
efficiency can be further improved by using GPUs or by sparse field level set method. 
Due to the space limit, details of the above extensions are not included in this paper.

Conclusion
In contrast to traditional methods, in this paper we presented a semi-automated vol-
ume-scalable 3D ACM for segmenting volumetric medical images with complex image 
conditions. The robust statistics was employed at a controllable scale to extract image 
information in local volumes. In order to characterize the voxels in the desired objects, a 
hybrid PDF was proposed according to the local volumes around the intermediate con-
tour and user specified initial seeds. We defined the final energy functional in a volume-
scalable manner.

As demonstrated in our experiments, the proposed method can handle intensity inho-
mogeneity as well as weak object boundary with high level noise in volumetric medical 
images. The proposed method achieved a high accuracy of 0.9246 ±  0.0068 for WM, 
0.9043 ± 0.0131 for liver tumors, 0.8802 ± 0.0595 for brain tumors, etc., measured by 
DSC value for the overlap between the algorithm one and the ground truth. With the 
simplified initialization of the active contour, the proposed model held high robustness 
to initialization. The average DSC value for the ten segmentation results with different 
initializations is 0.9216  ±  0.0037. Comparative experiments shown desirable perfor-
mance of the proposed method over several well-known segmentation methods. All of 
these proven that the application of our proposed volumetric medical image segmen-
tation method can clearly benefit the development of image-based diagnosis/surgery 
systems.

Abbreviations
MR: magnetic resonance; CT: computed tomography; WM: white matter; EM: expectation–maximization; RF: random 
forest; VSMEAN: volume-scalable intensity mean; VSIQR: volume-scalable inter-quartile range; WIV: weighted intensity 
variance; HD: Hausdorff distance; DSC: Dice similarity coefficient; ACM: active contour model; ANN: artificial neural net-
work; PDF: probability distribution function; RSF: region-scalable fitting; LRS: local robust statistics; VSRF: volume-scalable 
robust statistics fitting; INU: intensity non-uniformity; STD: standard deviation; SBGFRLS: selective binary and gaussian 
filtering regularized level set; GM: gray matter.

Authors’ contributions
CM carried out the volumetric medical image segmentation method, and KW designed the workflow of the image 
segmentation and provided the manuscript revise suggestion. Both authors read and approved the final manuscript.



Page 24 of 26Wang and Ma  BioMed Eng OnLine  (2016) 15:39 

Acknowledgements
This work was supported by National Nature Science Foundation of China (NSFC) Grant No. 61173086 and 61571165.

Competing interests
The authors declare that they have no competing interests.

Received: 8 December 2015   Accepted: 1 April 2016

References
 1. Malladi R, Sethian JA, Vemuri BC. Shape modeling with front propagation: a level set approach. Pattern Anal Mach 

Intell IEEE Transact. 1995;17(2):158–75.
 2. Kass M, Witkin A, Terzopoulos D. Snakes: active contour models. Int J Comput Vision. 1988;1(4):321–31.
 3. Caselles V, Kimmel R, Sapiro G. Geodesic active contours. Int J Comput Vision. 1997;22(1):61–79.
 4. Min H, Jia W, Wang XF, Zhao Y, RX H, Luo Y, et al. An intensity-texture model based level set method for image seg-

mentation. Pattern Recogn. 2015;48(4):1547–62.
 5. He L, Peng Z, Everding B, Wang X, Han CY, Weiss KL, et al. A comparative study of deformable contour methods on 

medical image segmentation. Image Vis Comput. 2008;26(2):141–63.
 6. Vasilevskiy A, Siddiqi K. Flux maximizing geometric flows. Pattern Anal Mach Intell IEEE Transact. 

2002;24(12):1565–78.
 7. Gao X, Wang B, Tao D, Li X. A relay level set method for automatic image segmentation. Syst Man Cybern Part B 

Cybern IEEE Transact. 2011;41(2):518–25.
 8. Lee SH, Seo JK. Level set-based bimodal segmentation with stationary global minimum. Image Process IEEE Trans-

act. 2006;15(9):2843–52.
 9. Sum KW, Cheung PYS. Vessel extraction under non-uniform illumination: a level set approach. Biomed Eng IEEE 

Transact. 2008;55(1):358–60.
 10. García-Lorenzo D, Francis S, Narayanan S, Arnold DL, Collins DL. Review of automatic segmentation methods of mul-

tiple sclerosis white matter lesions on conventional magnetic resonance imaging. Med Image Anal. 2013;17(1):1–18.
 11. Vese LA, Chan TF. A multiphase level set framework for image segmentation using the Mumford and Shah model. 

Int J Comput Vision. 2002;50(3):270–93.
 12. Samson C, Blanc-Feraud L, Aubert G, Zerubia J. A variational model for image classification and restoration. Pattern 

Anal Mach Intell IEEE Transact. 2000;22(5):460–72.
 13. Zhang K, Zhang L, Lam KM, Zhang D. A level set approach to image segmentation with intensity inhomogeneity. 

Cybern IEEE Transact. 2015;46(2):546–57.
 14. Abbas Q, Celebi ME, Garcı́a IF. Breast mass segmentation using region-based and edge-based methods in a 4-stage 

multiscale system. Biomed Signal Process Control. 2013;8(2):204–14.
 15. Jiang S, Weirui Zhang Yu, Wang ZC. Brain extraction from cerebral MRI volume using a hybrid level set based active 

contour neighborhood model. Biomed Eng Online. 2013;12(1):31.
 16. Zhang K, Song H, Zhang L. Active contours driven by local image fitting energy. Pattern Recogn. 

2010;43(4):1199–206.
 17. Sun K, Chen Z, Jiang S. Local morphology fitting active contour for automatic vascular segmentation. Biomed Eng 

IEEE Transact. 2012;59(2):464–73.
 18. Huang J, Jian F, Hao W, Li H. An improved level set method for vertebra CT image segmentation. Biomed Eng 

Online. 2013;12(1):48.
 19. Li C, Kao C-Y, Gore JC, Ding Z. Minimization of region-scalable fitting energy for image segmentation. Image Process 

IEEE Transact. 2008;17(10):1940–9.
 20. Lankton S, Tannenbaum A. Localizing region-based active contours. Image Process IEEE Transact. 

2008;17(11):2029–39.
 21. Mille J. Narrow band region-based active contours and surfaces for 2D and 3D segmentation. Comput Vis Image 

Underst. 2009;113(9):946–65.
 22. Rastgarpour M, Shanbehzadeh J, Soltanian-Zadeh H. A hybrid method based on fuzzy clustering and local region-

based level set for segmentation of inhomogeneous medical images. J Med Syst. 2014;38(8):68.
 23. Wang L, Li C, Sun Q, Xia D, Kao CY. Active contours driven by local and global intensity fitting energy with applica-

tion to brain MR image segmentation. Comput Med Imaging Graph. 2009;33(7):520–31.
 24. Wang X-F, Min H, Zou L, Zhang Y-G. A novel level set method for image segmentation by incorporating local statisti-

cal analysis and global similarity measurement. Pattern Recogn. 2015;48(1):189–204.
 25. Wang X-F, Huang D-S, Huan X. An efficient local Chan-Vese model for image segmentation. Pattern Recogn. 

2010;43(3):603–18.
 26. Pustina D, Coslett HB, Turkeltaub PE, Tustison N, Schwartz MF, Avants B. Automated segmentation of chronic stroke 

lesions using LINDA: lesion identification with neighborhood data analysis. Hum Brain Mapp. 2016;. doi:10.1002/
hbm.23110.

 27. Wang L, Shi F, Li G, Gao Y, Lin W, Gilmore JH, et al. Segmentation of neonatal brain MR images using patch-driven 
level sets. NeuroImage. 2014;84:141–58.

 28. Zhang K, Zhang L, Song H, Zhou W. Active contours with selective local or global segmentation: a new formulation 
and level set method. Image Vis Comput. 2010;28:668–76.

 29. Wells WM III, Grimson WEL, Kikinis R, Jolesz FA. Adaptive segmentation of MRI data. Med Imaging IEEE Transact. 
1996;15(4):429–42.

http://dx.doi.org/10.1002/hbm.23110
http://dx.doi.org/10.1002/hbm.23110


Page 25 of 26Wang and Ma  BioMed Eng OnLine  (2016) 15:39 

 30. Li C, Gore JC, Davatzikos C. Multiplicative intrinsic component optimization (MICO) for MRI bias field estimation and 
tissue segmentation. Magn Reson Imaging. 2014;32(7):913–23.

 31. Li C, Huang R, Ding Z, Gatenby C, Metaxas D, Gore J. A variational level set approach to segmentation and bias 
correction of images with intensity inhomogeneity. In: Metaxas D, Axel L, Fichtinger G, Székely G, editors. Medi-
cal image computing and computer-assisted intervention—MICCAI 2008. Berlin Heidelberg: Springer; 2008. p. 
1083–91.

 32. Rother C, Kolmogorov V, Blake A. “GrabCut”—interactive foreground extraction using iterated graph cuts. ACM 
Transact Graphics (TOG). 2004;23(3):309–14.

 33. Boykov Y, Funka-Lea G. Graph cuts and efficient N-D image segmentation. Int J Comput Vision. 2006;70(2):109–31.
 34. Boykov YY, Jolly MP. Interactive graph cuts for optimal boundary & region segmentation of objects in N-D images. 

Computer Vision, 2001. ICCV 2001. In: Proceedings. Eighth IEEE international conference on; Vancouver: IEEE; 2001. p. 
105–12.

 35. Grady L. Random walks for image segmentation. Pattern Anal Mach Intell IEEE Transact. 2006;28(11):1768–83.
 36. Grady L, Schwartz EL. Isoperimetric graph partitioning for image segmentation. Pattern Anal Mach Intell IEEE Trans-

act. 2006;28(3):469–75.
 37. Shi J, Malik J. Normalized cuts and image segmentation. Pattern Anal Mach Intell IEEE Transact. 2000;22(8):888–905.
 38. Peng B, Zhang L, Zhang D. A survey of graph theoretical approaches to image segmentation. Pattern Recogn. 

2013;46(3):1020–38.
 39. Liu X, Chen DZ, Tawhai MH, Xiaodong W, Hoffman EA, Sonka M. Optimal graph search based segmentation of 

airway tree double surfaces across bifurcations. Med Imaging IEEE Transact. 2013;32(3):493–510.
 40. Petersen J, Nielsen M, Lo P, Saghir Z, Dirksen A, de Bruijne M. Optimal graph based segmentation using flow lines 

with application to airway wall segmentation. In: International conference on information processing in medical 
imaging (IPMI). Berlin Heidelberg: Springer; 2011. p. 49–60.

 41. Huang Q, Bai X, Li Y, Jin L, Li X. Optimized graph-based segmentation for ultrasound images. Neurocomputing. 
2014;129:216–24.

 42. Huang QH, Lee SY, Liu LZ, Min-Hua L, Jin LW, Li AH. A robust graph-based segmentation method for breast tumors 
in ultrasound images. Ultrasonics. 2012;52(2):266–75.

 43. Li K, Xiaodong W, Chen DZ, Sonka M. Optimal surface segmentation in volumetric images—a graph-theoretic 
approach. Pattern Anal Mach Intell IEEE Transact. 2006;28(1):119–34.

 44. Song Z, Tustison N, Avants B, Gee JC. Integrated graph cuts for brain MRI segmentation. In: Larsen R, Nielsen M, 
Sporring J, editors. Medical image computing and computer-assisted intervention—MICCAI 2006. Berlin Heidel-
berg: Springer; 2006. p. 831–8.

 45. Achanta R, Shaji A, Smith K, Lucchi A, Fua P, Süsstrunk S. SLIC superpixels compared to state-of-the-art superpixel 
methods. Pattern Anal Mach Intell IEEE Transact. 2012;34(11):2274–82.

 46. Gubern-Mérida A, Kallenberg M, Martí R, Karssemeijer N. Segmentation of the pectoral muscle in breast MRI using 
atlas-based approaches. In: Ayache N, Delingette H, Golland P, Mori K, editors. Medical image computing and 
computer-assisted intervention—MICCAI 2012. Berlin Heidelberg: Springer; 2012. p. 371–8.

 47. Rajchl M, Baxter John SH, Jonathan McLeod A, Jing Yuan W, Qiu TM, Peters TM, et al. Hierarchical max-flow seg-
mentation framework for multi-atlas segmentation with Kohonen self-organizing map based Gaussian mixture 
modeling. Med Image Anal. 2016;27:45–56.

 48. Zikic D, Glocker B, Criminisi A. Encoding atlases by randomized classification forests for efficient multi-atlas label 
propagation. Med Image Anal. 2014;18(8):1262–73.

 49. Wang H, Suh JW, Das SR, Pluta J, Craige C, Yushkevich PA. Multi-atlas segmentation with Joint label fusion. Pattern 
Anal Mach Intell IEEE Transact. 2013;35(3):611–23.

 50. Bai W, Shi W, O’Regan DP, Tong T, Wang H, Jamil-Copley S, et al. A probabilistic patch-based label fusion model for 
multi-atlas segmentation with registration refinement: application to cardiac MR images. Med Imaging IEEE Trans-
act. 2013;32(7):1302–15.

 51. Iglesias JE, Sabuncu MR. Multi-atlas segmentation of biomedical images: a survey. Med Image Anal. 
2015;24(1):205–19.

 52. Maduskar P, Rick HMM, Philipsen JM, Scholten E, Chanda D, Ayles H, et al. Automatic detection of pleural effusion in 
chest radiographs. Med Image Anal. 2016;28:22–32.

 53. Uzunbas MG, Chen C, Metaxas D. An efficient conditional random field approach for automatic and interactive 
neuron segmentation. Med Image Anal. 2016;27:31–44.

 54. Menze BH, Jakab A, Bauer S, Kalpathy-Cramer J, Farahani K, Kirby J, et al. The multimodal brain tumor image seg-
mentation benchmark (BRATS). Med Imaging IEEE Transact. 2015;34(10):1993–2024.

 55. Wang L, Gao Y, Shi F, Li G, Gilmore JH, Lin W, et al. LINKS: learning-based multi-source IntegratioN frameworK for 
Segmentation of infant brain images. NeuroImage. 2015;108:160–72.

 56. Tustison NJ, Shrinidhi KL, MaxWintermark CR, Durst BM, Kandel JC, Gee JC, et al. Optimal symmetric multimodal 
templates and concatenated random forests for supervised brain tumor segmentation (simplified) with ANTsR. 
Neuroinformatics. 2015;13(2):209–25.

 57. Ziyue X, Bagci U, Foster B, Mansoor A, Udupa JK, Mollura DJ. A hybrid method for airway segmentation and auto-
mated measurement of bronchial wall thickness on CT. Med Image Anal. 2015;24(1):1–17.

 58. Lesage D, Angelini ED, Bloch I, Funka-Lea G. A review of 3D vessel lumen segmentation techniques: models, features 
and extraction schemes. Med Image Anal. 2009;13(6):819–45.

 59. Suicheng G, Fuhrman C, Meng X, Siegfried JM, Gur D, Leader JK, et al. Computerized identification of airway wall in 
CT examinations using a 3D active surface evolution approach. Med Image Anal. 2013;17(3):283–96.

 60. Ukwatta E, Jing Yuan W, Qiu MR, Chiu B, Fenster A. Joint segmentation of lumen and outer wall from femoral artery 
MR images: towards 3D imaging measurements of peripheral arterial disease. Med Image Anal. 2015;26(1):120–32.

 61. Yaqub M, Javaid MK, Cooper C, Noble JA. Investigation of the role of feature selection and weighted voting in 
random forests for 3-D volumetric segmentation. Med Imaging IEEE Transact. 2014;33(2):258–71.



Page 26 of 26Wang and Ma  BioMed Eng OnLine  (2016) 15:39 

•  We accept pre-submission inquiries 

•  Our selector tool helps you to find the most relevant journal

•  We provide round the clock customer support 

•  Convenient online submission

•  Thorough peer review

•  Inclusion in PubMed and all major indexing services 

•  Maximum visibility for your research

Submit your manuscript at
www.biomedcentral.com/submit

Submit your next manuscript to BioMed Central 
and we will help you at every step:

 62. Chandra SS, Xia Y, Engstrom C, Crozier S, Schwarz R, Fripp J. Focused shape models for hip joint segmentation in 3D 
magnetic resonance images. Med Image Anal. 2014;18(3):567–78.

 63. Jiang J, Yao W, Huang M, Yang W, Chen W, Feng Q. 3D brain tumor segmentation in multimodal MR images based 
on learning population- and patient-specific feature sets. Comput Med Imaging Graph. 2013;37(7–8):512–21.

 64. Wang H, Huang T-Z, Zongben X, Wang Y. An active contour model and its algorithms with local and global Gaussian 
distribution fitting energies. Inf Sci. 2014;263:43–59.

 65. Popuri K, Cobzas D, Murtha A, Jägersand M. 3D variational brain tumor segmentation using Dirichlet priors on a 
clustered feature set. Int J Comput Assist Radiol Surg. 2012;7(4):493–506.

 66. Ni K, Bresson X, Chan T, Esedoglu S. Local histogram based segmentation using the wasserstein distance. Int J Com-
put Vision. 2009;84(1):97–111.

 67. Michailovich O, Rathi Y, Tannenbaum A. Image segmentation using active contours driven by the Bhattacharyya 
gradient flow. Image Process IEEE Transact. 2007;16(11):2787–801.

 68. Abdelsamea MM, Gnecco G, Gaber MM. An efficient self-organizing active contour model for image segmentation. 
Neurocomputing. 2015;149:820–35.

 69. Li C, Huang R, Ding Z, Gatenby JC, Metaxas DN, Gore JC. A level set method for image segmentation in the presence 
of intensity inhomogeneities with application to MRI. Image Process IEEE Transact. 2011;20(7):2007–16.

 70. Gao Y, Kikinis R, Bouix S, Shenton M, Tannenbaum A. A 3D interactive multi-object segmentation tool using local 
robust statistics driven active contours. Med Image Anal. 2012;16(6):1216–27.

 71. Yang Y, Tannenbaum A, Giddens D. Knowledge-based 3D segmentation and reconstruction of coronary arteries 
using CT images. Engineering in medicine and biology society, 2004. IEMBS ‘04. In: 26th annual international confer-
ence of the IEEE. San Francisco: IEEE; 2004. p. 1664–6.

 72. The NAMIC: brain 2–4 years old database. http://hdl.handle.net/1926/1389.
 73. Pichon E, Tannenbaum A, Kikinis R. A statistically based flow for image segmentation. Med Image Anal. 

2004;8(3):267–74.
 74. Li C, Xu C, Gui C, Fox MD. Level set evolution without re-initialization: a new variational formulation. Computer vision 

and pattern recognition, 2005. CVPR 2005. In: IEEE computer society conference on; San Diego, USA: IEEE; 2005. p. 
430–6.

 75. Chan TF, Vese LA. Active contours without edges. Image Process IEEE Transact. 2001;10(2):266–77.
 76. Aubert G, Vese L. A variational method in image recovery. SIAM J Numer Anal. 1997;34(5):1948–79.
 77. Pieper S, Halle M, Kikinis R. 3D slicer. Biomedical imaging: nano to macro, 2004. IEEE international symposium on: 

IEEE; 2004. p. 632–5.
 78. The BrainWeb database. http://www.bic.mni.mcgill.ca/brainweb/.
 79. Cocosco CA, Kollokian V, Kwan RKS, Kwan RKS, Pike GB, Evans AC. BrainWeb: online interface to a 3D MRI simulated 

brain database. NeuroImage. 1997;5:425.
 80. Kwan RKS, Evans AC, Pike GB. An extensible MRI simulator for post-processing evaluation. In: Höhne KH, Kikinis R, 

editors. Visualization in biomedical computing. Berlin Heidelberg: Springer; 1996. p. 135–40.
 81. Collins DL, Zijdenbos AP, Kollokian V, Sled JG, Kabani NJ, Holmes CJ, et al. Design and construction of a realistic 

digital brain phantom. Med Imaging IEEE Transact. 1998;17(3):463–8.
 82. The Caudate Segmentation Evaluation 2007. Database. http://cause07.grand-challenge.org/home/ (2007). Accessed 

14 Aug 2014.
 83. The NA-MIC. 2011. Brain database. http://www.na-mic.org/Wiki/images/d/d6/RSS_Grayscale.nrrd.
 84. Tobon-Gomez C, Geers AJ, Peters J, Weese J, Pinto K, Karim R, et al. Benchmark for algorithms segmenting the left 

atrium from 3D CT and MRI datasets. Med Imaging IEEE Transact. 2015;34(7):1460–73.
 85. The liver tumors database. http://hdl.handle.net/1926/586.
 86. The BRATS2012 database. http://www.imm.dtu.dk/projects/BRATS2012.
 87. Yushkevich PA, Piven J, Hazlett HC, Smith RG, Ho S, Gee JC, et al. User-guided 3D active contour segmentation of 

anatomical structures: significantly improved efficiency and reliability. NeuroImage. 2006;31(3):1116–28.
 88. Institute SCaI. “Seg3D” volumetric image segmentation and visualization. Scientific Computing and Imaging Insti-

tute (SCI). http://www.seg3d.org.

http://hdl.handle.net/1926/1389
http://www.bic.mni.mcgill.ca/brainweb/
http://cause07.grand-challenge.org/home/
http://www.na-mic.org/Wiki/images/d/d6/RSS_Grayscale.nrrd
http://hdl.handle.net/1926/586
http://www.imm.dtu.dk/projects/BRATS2012
http://www.seg3d.org

	A robust statistics driven volume-scalable active contour for segmenting anatomical structures in volumetric medical images with complex conditions
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Related works
	The region-scalable fitting (RSF) model

	The local robust statistics (LRS) model

	Methods
	Volume-scalable robust statistics feature vector learning
	Voxel characterization using the PDFs of the feature vectors
	Definition of volume-scalable robust statistics fitting energy for single voxel
	Definition of energy functional for entire volumetric data
	Volume-scalable level set formulation
	Contour evolution with level set energy functional minimization

	Results
	Validation and method comparison

	Discussion
	Impact of the parameters
	Computational complexity
	Some extensions

	Conclusion
	Authors’ contributions
	References




