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A novel combined level set model for
automatic MR image segmentation
Abstract: Medical image processing comes along with object
segmentation, which is one of the most important tasks in that
field. Nevertheless, noise and intensity inhomogeneity in
magnetic resonance images challenge the segmentation
procedure. The level set method has been widely used in object
detection. The flexible integration of energy terms affords the
level set method to deal with variable difficulties. In this paper,
we introduce a novel combined level set model that mainly
cooperates with an edge detector and a local region intensity
descriptor. The noise and intensity inhomogeneities are
eliminated by the local region intensity descriptor. The edge
detector helps the level set model to locate the object
boundaries more precisely. The proposed model was validated
on synthesized images and magnetic resonance images of in
vivo wrist bones. Comparing with the ground truth, the
proposed method reached a Dice similarity coefficient of >
0.99 on all image tests, while the compared segmentation
approaches failed the segmentations. The presented combined
level set model can be used for the object segmentation in
magnetic resonance images.
Keywords: level set method, MRI, segmentation, intensity
inhomogeneity
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1 Introduction
In the medical field, decomposition of an image is
challenging due to images’ poor quality, e.g. occlusion, low
signal, and contrast, or noises. The Level Set Method (LSM)
has become a popular technique in recent years [1, 2]. Two
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main classes represent the typical LSM, which are edge-based
[2, 3] and region-based models [4–6].
Edge-based models use edge information to detect object
boundaries. This type of model has been found very sensitive
to image noise [1]. Region-based models detect the object by
calculating intensity in the foreground and background on the
image domain. In magnetic resonance (MR) images, the
intensity inhomogeneity occurs from a non-uniform magnetic
field due to a variety of reasons [7]. Particularly, any intensity
inhomogeneity may lead to erroneous segmentation outcomes
when the object has a similar intensity as the background. Two
similar local region descriptors were proposed to overcome
such problems [5][6]. Pixels inside the selected region are
calculated based on local intensity similarity to avoid
inhomogeneity on global image domain.
By adding different energy functionals, the LSM can deal
with variable image processing scenes. In this paper, we
propose a combined level set model for object segmentation in
MR images of in vivo wrist bones. Our model consists of an
edge detector and a local intensity descriptor for the
segmentation purpose, and a regularization term to maintain
evolving stability. Experimental results on synthesized images
and MR images are presented to demonstrate the power and
opportunities of the proposed combined level set model. Our
study aimed to provide an automatic MR image segmentation
approach with a high segmentation accuracy compared to
existing methods.

2 Material and Method
2.1 LSM
Given a moving curve 𝒞 , the core of the LSM is to
implicitly describe 𝒞 by the zero level of a higher dimensional
function 𝜙: 𝛺 → ℜ as: 𝒞(𝑡) = {𝑥 ∈ 𝛺 | 𝜙(𝑥, 𝑡) = 0} . The
evolving equation can be expressed in the following partial
differential equation:
𝝏𝝓
𝝏𝒕

= 𝓕|𝜵𝝓|,
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(1)
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where ∇ is the gradient operator, and ℱ the speed function that
controls the motion of the contour. By choosing the function
ℱ, the LSM can reach different segmentation goals. A typical
choice is to define the ℱ as a boundary detector [3] or a global
intensity descriptor [4].

2.2 Edge detection energy term
Edge information is widely applied for segmentation
methods [2, 3, 8]. Here, we utilize the edge detection energy
term to guide the evolving curve. The image 𝐼: 𝛺 → ℜ is a
given grey level image on the domain 𝛺, we define a function
𝑔 as an edge detector by:
𝟏
(2)
𝒈 = |𝜵𝑮 𝟐 ,
𝟏
∗𝑰|

𝟏
𝟐

where 𝛼 > 0 is the coefficient.

2.5 Combined level set model and
numerical implementation
As described above, the proposed combined level set
model in this work is defined as:
(7)
𝓕𝑪𝒐𝒎𝒃𝒊𝒏𝒆𝒅 = 𝓔𝑹𝒆𝒈 + 𝓔𝑬𝒅𝒈𝒆 + 𝓔𝑳𝒐𝒄𝒂𝒍 .
After replacing energy terms, we can obtain the speed
energy functional ℱ as:
𝟏

𝓕𝑪𝒐𝒎𝒃𝒊𝒏𝒆𝒅 = 𝜶 ∫𝜴 (|𝜵𝝓(𝒙)| − 𝟏)𝟐 𝒅𝒙 +
𝟐

𝝈

where 𝐺 ∗ 𝐼 is the convolved 𝐼 by a Gaussian kernel 𝐺 with
a standard deviation 𝜎. For a level set function 𝜙: 𝛺 → ℜ, we
(𝜙) by:
define the edge detection energy term ℰ
𝓔𝑬𝒅𝒈𝒆 (𝝓) = 𝝁 ∫𝜴 𝒈𝜹(𝝓)|𝜵𝝓| 𝒅𝒙,

(3)

𝝁 ∫𝜴 𝒈𝜹(𝝓)|𝜵𝝓| 𝒅𝒙 + ∑𝟐𝒊 𝟏 𝝀𝒊 ∫𝜴 ∫𝜴 𝑲𝝃 (𝒙 − 𝒚)|𝑰(𝒚) −

In practical implementation, the Heaviside function 𝐻
and the Dirac delta function 𝛿 are approximated by following
smoothed functions 𝐻 and 𝛿 respectively, defined as:
𝟏
𝟐

𝑯𝝐 =

𝓔𝑳𝒐𝒄𝒂𝒍 𝝓, 𝒇𝟏 (𝒙), 𝒇𝟐 (𝒙) = ∑𝟐𝒊 𝟏 𝝀𝒊 ∫𝜴 ∫𝜴 𝑲𝝃 (𝒙 −

(4)

𝜹𝝐 =

𝑲𝝃 (𝒙)∗ 𝑳𝒊 𝝓(𝒙) 𝑰(𝒙)
𝑲𝝃 (𝒙)∗ 𝑳𝒊 𝝓(𝒙)

, 𝒊 = 𝟏, 𝟐.

𝝅𝒙

𝝅

𝝐

, |𝒙| ≤ 𝝐

(9)

,

𝟐𝝐

𝝅𝒙

𝟏 + 𝒄𝒐𝒔( ) , |𝒙| ≤ 𝝐
𝝐

𝟎, |𝒙| > 𝝐 ,

where 𝜕ℱ ⁄𝜕𝜙 is the Gâteaux derivative of the ℱ. Hence, the
corresponding gradient flow equation is expressed as:
𝝏𝒕

= −𝜶 𝜵𝟐 𝝓 − 𝒅𝒊𝒗

𝜵𝝓

− 𝝁𝜹𝝐 (𝝓)𝒅𝒊𝒗 𝒈 |𝜵𝝓| +

(12)

where 𝑑𝑖𝑣(∙) is the divergence operator, 𝑒 is defined as:
𝒆𝒊 = ∫𝜴 𝑲𝝃 (𝒚 − 𝒙)|𝑰(𝒙) − 𝒇𝒊 (𝒚)|𝟐 𝒅𝒚.

(13)

We set the initial level set function with a rectangle form
as:
𝝓𝟎 (𝒙) =

During the evolving procedure, the conventional LSM has
been trapped by reinitialization for a long time. Li et al.
introduced a regularization term to maintain the level set
function as the signed distance function [8]. We apply the
regularization term against the reinitialization problem as:

𝜵𝝓
|𝜵𝝓|

𝜹𝝐 (𝝓)(𝝀𝟏 𝒆𝟏 − 𝝀𝟐 𝒆𝟐 ),

(5)

2.4 Regularization energy term

(10)

,

where 𝜖 is the coefficient and usually set to the value of 1.5.
The minimization of ℱ
concerning to 𝜙 can be
attained using standard gradient descent method:
𝝏𝝓
𝝏𝓕
=− ,
(11)
𝝏𝒕
𝝏𝝓

𝝏𝝓

where 𝜆 > 0 , 𝐿 (𝜙) = 𝐻(𝜙) , 𝐿 (𝜙) = 1 − 𝐻(𝜙) , 𝐻(𝑥) is
the Heaviside function, 𝐾 the Gaussian kernel with a scale
parameter 𝜉 > 0, and 𝑓 (𝑥), 𝑓 (𝑥) approximate intensities in a
neighbourhood of 𝑥 inside and outside the contour 𝒞 . The
𝑓 (𝑥) is computed using the Euler-Lagrange equations:
𝒇𝒊 (𝒙) =

𝟏

𝝐

𝟏, 𝒙 > 𝝐
𝟎, 𝒙 < −𝝐

𝟏

𝒅𝒚 𝒅𝒙,

𝒙

𝟏 + + 𝒔𝒊𝒏

and

To enhance the segmentation against image noise and
intensity inhomogeneity in MR images, a Gaussian
distribution kernel works as the local region descriptor.
Comparing with [5], the Gaussian distribution kernel has such
property that weights the intensities around a small interested
area. For a given point 𝑥 ∈ 𝛺, we define the local intensity
energy term as:
𝒚)|𝑰(𝒚) − 𝒇𝒊 (𝒙)|𝟐 𝑳𝒊 𝝓(𝒚)

(8)

𝒇𝒊 (𝒙)|𝟐 𝑳𝒊 (𝝓) 𝒅𝒚 𝒅𝒙.

where 𝜇 > 0, 𝛿(𝑥) is the Dirac delta function.

2.3 The local intensity energy term

(6)

𝓔𝑹𝒆𝒈 (𝝓) = 𝜶 ∫𝜴 (|𝜵𝝓(𝒙)| − 𝟏)𝟐 𝒅𝒙,

−𝒄𝟎 , 𝒙 ∈ 𝒊𝒏𝒔𝒊𝒅𝒆
,
𝒄𝟎 , 𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆

(14)

where 𝑐 = 2 in our approach. The overall algorithm is
summarized in Algorithm 1.
We applied the proposed method on synthesized images
and MR images of the capitate. The MR images were acquired
in vivo using the high-resolution 3D-WATSc (water selective
cartilage scans) sequence on a clinical 3T MRI scanner
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(Achieva, Philips Healthcare, Best, The Netherlands). The
synthesized image was a manually generated heart shape
binary image with added Gaussian noise and Salt-and-pepper
noise in MATLAB (Version R2019a; The MathWorks, Inc.).
All images have not been preprocessed except cropped to a
pixel size of 500 × 500. To comprehensively evaluate the
performance of the combined level set model in segmentation
tasks, we compared the results of multi-threshold method and
edge-based method DRLSE in [8]. Manual segmentation
performed by a radiologist with eight years of experience in
musculoskeletal radiology provided the ground truth. The
curve evolution and results evaluation were conducted in
MATLAB.
Algorithm 1
Input: 𝜙 , 𝛼, 𝜇, 𝜌, 𝜆 , 𝜆 , iteration number 𝓃
Output: 𝜙
1. Initialization: 𝜙 ↢ 𝜙 ;
2. for 𝑖 = 0 ↣ 𝓃 do
3.
update 𝑔, 𝑓 , 𝑓 using Eqs. (2) and (7);
4.
𝜙
↢ 𝜙 + ∆𝑡∆𝜙 ;
5. end for

The parameters of the combined level set model were
assigned as 𝛼 = 0.2, 𝜇 = 0.001 × 256 , 𝜌 = −3, 𝜆 = 𝜆 =
1. The iteration number of all LSM based approaches was
empirically set at a position where there was no further
evolution of the method we put forward. The segmentation
results are shown in figure 1. For evaluating the accuracy, we
utilized the Dice similarity coefficient between obtained
contours and ground truth. A higher value of the coefficient
means better performance. For a given set of regions 𝒢
representing the ground truth and 𝒮 representing the
segmentation, the similarity between 𝒢 and 𝒮 is expressed as:
𝟐×|𝓖∩𝓢|
.
|𝓖| |𝓢|

Table 1: Dice similarity coefficient on image tests
Test group

Low
threshold

High
threshold

Synthesized
image

DRLSE
method

Proposed
method

0.9699

0.9959

MR image A

0.9313

0.9517

0.7605

0.9932

MR image B

0.9135

0.6477

0.6751

0.9987

MR image C

0.9117

0.7107

0.6438

0.9995

3.2 MR image tests

3 Results

𝑫𝒊𝒄𝒆(𝓖, 𝓢) =

blurred the actual object boundaries. The Dice coefficient is
listed in Table 1.

(15)

3.1 Synthesized image tests
The dark heart shape area was the object to be segmented.
The proposed approach was compared with the DRLSE
method. The segmentation with the proposed model stopped
after 390 iterations. With the help of local intensity energy
term, the evolving curve could merge and analyse the
intensities within a small area around interest front points,
which provided the correct contour. Nevertheless, as showed
in figure 1, the segmentation of the DRLSE method failed after
the same iterations due to the massive artificial noises, which

To illustrate the difficulties in segmenting MR images, the
combined level set model was compared with the conventional
multi-threshold method and the DRLSE method. The multithreshold method was conducted in the free, open-source
platform ITK-SNAP [9]. The results were then transferred into
MATLAB for evaluation.
The choice of the thresholds is challenging since it is
either too low leading to an under-segmentation or too high
causing an over-segmentation. There were two attempts on
setting the thresholds in this section. For MR image A, B and
C, the lower value at 16.3%, 7.78% and 18.19% of each
maximum image grey value was to make sure the least leakage
outside the capitate bone. The higher value at 29.2%, 18.19%
and 28.57% of each maximum image grey value was intended
to cover all the areas inside the capitate bone. As for two other
LSM approaches, we compared the segmentation results of our
proposed model with the DRLSE method. The evolving of
each model was terminated after 270, 110 and 115 iterations,
respectively. As illustrated in figure 1, the multi-threshold
method failed on both choices. Our combined level set model
converged after 270, 110 and 115 iterations, respectively, and
all desired boundaries were fully covered, while the DRLSE
method stopped near the initial 𝜙 due to its sensitivity to the
image noise and intensity inhomogeneity.
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4 Conclusion
This paper proposed a combined level set model that
reinforces the segmentation in MR images. In this proposed

method, we integrated the edge-based energy term and local
region-based energy term, which provided additional
boundary information and suppressed massive noises and
intensity inhomogeneity, respectively. Experimental results
showed that the proposed combined level set model possesses
a much better accuracy with all Dice similarity coefficients >
0.99.
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Figure 1: Image test results. Synthesized Image: from left to right:
Original sketch image defined as ground truth; Segmentation of
contours by use of the DRLSE method; Segmentation of contours
by use of proposed level set model. MR Images: from left to right:
MR image A, B and C. From up to down: Original MR image;
Segmentation of capitate using the multi-threshold method with
lower threshold; Segmentation of multi-threshold method with
higher threshold; Segmentation of DRLSE method; Segmentation
of the proposed level set model. Red line: Segmentation contour.
Yellow line: Initial zero level set. Cyan line: Ground truth.
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