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Abstract 

 
 This paper presents a new level set method for segmentation of cardiac left and right 

ventricles. We extend the edge based distance regularized level set evolution (DRLSE) model in 
[18] to a two-level-set formulation, with the 0-level set and 𝑘-level set representing the 
endocardium and epicardium, respectively. The extraction of endocardium and epicardium is 
obtained as a result of the interactive curve evolution of the 0 and 𝑘 level sets derived from the 
proposed variational level set formulation. The initialization of the level set function in the 
proposed two-level-set DRLSE model is generated from roughly located endocardium, which can 
be performed by applying the original DRLSE model. Experimental results have demonstrated the 
effectiveness of the proposed two-level-set DRLSE model.  

 
Keywords: MRI, segmentation, two-level-set, left and right ventricles 
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1  Introduction 
 Cine-magnetic resonance imaging (cine-MRI) has become a crucial tool for evaluating 

heart size and function within the cardiovascular imaging domain. The typical acquisition consists 
of a set of multiphase two-dimensional steady-state free precession short axis images, forming the 
¶cine VWack¶. Cine-MRI-derived metrics like left and right ventricular (LV, RV) volumes, mass and 
ejection fraction (EF) are fundamental to cardiology: clinically they are used for disease diagnosis, 
to guide risk stratification and therapy decisions and increasingly in research, they are serving as 
surrogate end-points in large-scale phase III clinical trials. Segmentation of the ventricular 
chambers is necessary to extract these values for ventricular size, mass and function[19], [28], [29]
, [40], [16], [32], [9], [27], [7]. Manual segmentation of LV and RV which requires delineation via 
physicians and radiologists slice by slice is a time consuming and error-prone task. This approach 
is simply not feasible for the analysis of large cine-MRI datasets such as the ones currently 
collecting in large multi-centre registries/biobanks such as the UK Biobank [8], Multi-Ethnic 
Study of Atherosclerosis [34] or the EuroCMR registry [3]. Although various 
automated/semi-automated segmentation techniques have been proposed, fast, accurate and 
precise, LV and RV segmentation remains a challenge largely on account of suboptimal image 
contrast across the desired ventricle boundaries and the difficulties related to partial volume effects 
towards the apex [29], [9], [30], [21], [41], [1], [42], [23], [10]. 

Active contour models and level set methods have been widely implemented to segment 
various biological structures in biomedical imaging [4], [31], [14], [22]. Active contour models 
have several desirable advantages when compared to other classical image segmentation methods, 
such as visual thresholding, edge-detection and region-grow. Firstly, active contour models are 
capable of achieving sub-pixel accuracy of object boundaries. Secondly, these models can be 
easily formulated into a principled energy minimization framework, facilitating the incorporation 
of prior knowledge like shape or intensity distribution, for robust image segmentation [5], [17]. 
Thirdly, active contour models can provide smooth and closed contours as segmentation outcomes 
which are key to segmenting most biological structures and can be readily used for further 
applications, such as shape analysis and image reconstruction [39], [37], [38], [26], [25], [24]. 

In order to segment the endocardial and epicardial contours of both ventricles from 
cine-MRI, we propose a two-level-set approach based on the DRLSE model in [18]. In this new 
method, endocardial and epicardial contours are mathematically represented by two specified level 
contours of a level set function. Biventricular segmentation is expressed as an optimization 
problem of the level set function such that both level set contours best capture the biological shape 
of epicardium and endocardium. 

The paper is further structured as follows: Section 2 describes the details of proposed 
algorithm, Section 3 proposes a two-step approach for segmentation of left and right ventricles and 
Section 4 presents the implementation details as well as segmentation results, which is followed by 
the concluding remarks in Section 5. 
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2  Distance Regularized Two-Level-Set Method 
  
2.1  Anatomical Knowledge for Left and Right Ventricle Segmentation 
  
As a first step we have to consider the anatomy of both ventricles to be able to develop the 

proposed model. As presented in Figure 1, the endocardium represents the innermost contour of 
the ventricle. It is composed of a thin layer of endocardial cells (similar to the endothelial cells that 
line vessel walls). The endocardium is not a naturally smooth contour but a complex 
three-dimensional surface -k¼³ iW iV conWinXoXV ZiWh Whe inWUicaWe WUabecXlaU meVhZoUk WhaW lineV 
the heart and it extends to line the papillary muscles. The myocardium is the thick middle layer 
composed of cardiomyocytes. It is the force-generating muscle layer, responsible for ejecting the 
stroke volume. The outer layer of heart is termed the epicardium and it consists of flattened 
epithelial cells making up the inner serous layer of the pericardium [29], [12]. 

Based on several informative observations of cardiac anatomy and given that endocardial 
segmentation has been shown to be most reproducible with trabeculae/papillary muscles excluded 
[11], we concluded that the desired segmentation outputs should fulfill the following two criteria: 
first, that the endocardial and epicardial contours should consist of smooth contours, and second, 
that the interval between endocardial and epicardial contours should vary smoothly. For the 
developed segmentation method to be clinically valid, it would also need to demonstrate highly 
reproducible. Figure 1 demonstrates a typical example of the desired LV and RV segmentation 
results which satisfy the two predefined criteria. These criteria will be incorporated into the 
formulation of proposed model for LV and RV segmentation. In particular, the first criterion will 
be introduced to smooth the epicardial and endocardial contours individually, while the second 
criterion will be introduced to provide an interaction between the two contours such that the 
distance between them is gradually varying. 

Figure 1 shows one short-axis cine-MRI image at end-diastole and end-systole. It is 
immediately evident that the left and right ventricular cavities show brighter signal intensity when 
compared to surrounding tissues, including the myocardium, papillary muscles and trabeculae and 
more peripherally, the lung parenchyma or anterior chest wall. Papillary muscles and trabeculae 
have an intensity value very similar to that of the myocardium [15], [35]. If papillary muscles and 
trabeculae are included in the segmentation detail, then the resulting endocardial contour cannot be 
smooth and accordingly, the distance between the endocardial and epicardial contours will 
fluctuate significantly. This undesirable segmentation result can be avoided by maintaining the 
two predefined criteria of endocardial and epicardial contours. 
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2.2  Distance Regularized Level Set Evolution 
 
In this subsection, we first review the distance regularized level set evolution (DRLSE) 

model proposed in [18], which is used to perform the preliminary segmentation of the LV and RV, 
and which is also a basis of our two-level formulation of the proposed level set method in the 
second step. Let 𝐼 be an image on a domain Ω, we define an edge indicator function 𝑔 by  

𝑔 ≜ 1
1+|∇𝐺𝛿∗𝐼|2 (1) 

 where 𝐺𝛿  is a Gaussian kernel with a standard deviation 𝛿. The convolution in ((1)) is used to 
smooth the image to reduce the noise. This function 𝑔 usually takes smaller values at object 
boundaries than at other locations. 

For a level set function (LSF) 𝜙:Ω → 𝑅, we define an energy functional ℰ(𝜙) by  
ℰ(𝜙) = 𝜇ℛ𝑝(𝜙) + 𝜆ℒ𝑔(𝜙) + 𝛼𝒜𝑔(𝜙) (2) 

 where 𝜇 > 0, 𝜆 > 0 and 𝛼 ∈ 𝑅 are the coefficients of the energy functionals ℛ𝑝(𝜙), ℒ𝑔(𝜙) 
and 𝒜𝑔(𝜙), which are defined by  

ℛ𝑝(𝜙) ≜ ∫  Ω 𝑝(|∇𝜙|) 𝑑𝑥 (3) 
  

ℒ𝑔(𝜙) ≜ ∫  Ω 𝑔𝛿(𝜙)|∇𝜙| 𝑑𝑥 (4) 
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 and  
𝒜𝑔(𝜙) ≜ ∫  Ω 𝑔𝐻(െ𝜙) 𝑑𝑥 (5) 

 where 𝑝 is a potential function 𝑝: [0,∞) → 𝑅, and 𝐻, 𝛿 are the the Heaviside function and 
Dirac delta function, respectively. A simple and straightforward definition of the potential 𝑝 for 
distance regularization is defined as  

𝑝 = 𝑝1(𝑠) ≜ 1
2

(𝑠 െ 1)2 (6) 
 which has 𝑠 = 1 as the unique minimum point. With this potential 𝑝 = 𝑝1(𝑠), the level set 
regularization term ℛ𝑝(𝜙) can be explicitly expressed as  

𝒫(𝜙) = 1
2 ∫  Ω (|∇𝜙| െ 1)2 𝑑𝑥 (7) 

 which characterizes the deviation of 𝜙 from a signed distance function. 
A preferable potential function 𝑝 for the distance regularization term ℛ𝑝  is a double-well 

potential. Here, we provide a specific construction of the double-well potential 𝑝2(𝑠) as  

𝑝2(𝑠) = ቌ
1

(2𝜋)2 (1 െ cos(2𝜋𝑠)),  𝑖𝑓     𝑠  1
1
2

(𝑠 െ 1)2,  𝑖𝑓     𝑠  1.
� (8) 

 This potential 𝑝2(𝑠) has two minimum points at 𝑠 = 0 and 𝑠 = 1. It is easy to verify that 𝑝2 is 
twice differentiable in [0,∞), with the first and second derivatives given by  

𝑝′2(𝑠) = ቆ
1

2𝜋
sin(2𝜋𝑠),  𝑖𝑓     𝑠  1

𝑠 െ 1,  𝑖𝑓     𝑠  1
� (9) 

 and  

𝑝′ƍ2(𝑠) = ൬cos(2𝜋𝑠),  𝑖𝑓     𝑠  1
1,  𝑖𝑓     𝑠  1.

� (10) 

 It is easy to verify that the function  
𝑑𝑝(𝑠) = 𝑝′2(𝑠)/𝑠 (11) 

 satisfies  
|𝑑𝑝(𝑠)| < 1,       𝑓𝑜𝑟  𝑎𝑙𝑙     𝑠 ∈ (0,∞) (12) 

 and  
lim
𝑠→0

𝑑𝑝(𝑠) = lim
𝑠→∞

𝑑𝑝(𝑠) = 1. (13) 
 Therefore, we have  

|𝜇𝑑𝑝(|∇𝜙|)|  𝜇 (14) 
 which verifies the boundedness of the diffusion rate for the potential 𝑝 = 𝑝2. 

 
2.3  Distance Regularized Two-Level-Set Evolution Model 
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We formulate the segmentation of both ventricles as an optimal problem of seeking for a 

level set function such that its 0-level and 𝑘-level contours best fit the epicardial and endocardial 
contours respectively inside the images as shown in Figure 2. Furthermore, according to the 
anatomical properties of endocardium and epicardium, as discussed in section 2.1, the 
two-level-set function should satisfy the following two properties: first the 0-level and 𝑘-level 
contours are smooth, and second the distance between the 0-level and 𝑘 -level contours is 
smoothly changing. Therefore, we propose an extended framework with an energy functional in 
the following form:  

𝐹(𝜙) = 𝐷(𝜙) + 𝐿(𝜙) + 𝐴(𝜙) (15) 
 where 𝐿(𝜙) is an energy functional defined from edge-based image information, such that it is 
minimized when the 0-level and 𝑘-level contours of the function 𝜙 are on the endocardium and 
epicardium; 𝐴(𝜙) is weighted area term and introduced to speed up the motion of the 0-level and 
𝑘-level contour in the level set evolution process: 𝐷(𝜙) is the distance regularization term 
defined as:  

𝐷(𝜙) = 𝜇 ∫  (|∇𝜙| െ 𝛼)2𝑑𝑥 (16) 
 where 𝛼 is a constant. This distance regularization term is introduced to force the |∇𝜙| to be 
close to a constant, and therefore ensures that the distance between the 0-level and 𝑘-level 
contours is close to a constant. The constant 𝛼 should be approximately equal to 𝑘/𝑑, where 𝑑 is 
the average thickness of the myocardium (in pixel) in the image. Note that this distance 
regularization term serves as a soft constraint to force |∇𝜙| to be close to the constant 𝛼, but not 
exactly a constant. As a result of this soft constraint, |∇𝜙| is smoothly varying, and the distance 
between the 0-level and 𝑘-level contours is smoothly varying. In this paper, we allowed the level 
set function 𝜙 take positive values inside the 0-level contour 𝐶0 and negative values outside 𝐶0. 

The energy 𝐿 contour is defined by,  
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𝐿(𝜙) = ∫  𝑔[𝜆1𝛿(𝜙) + 𝜆2𝛿(𝜙 െ 𝑘)]ȁ∇𝜙ȁ𝑑𝑥 (17) 
 where 𝑔 is an edge indicator function, which is defined as,  

𝑔 ≜ 1
1+ȁ∇𝐺ߪ ∗𝐼ȁ

. (18) 
 The above defined energy 𝐿(𝜙) computes the line integral of the function 𝑔 along the 0-level 
and 𝑘-level contours. Obviously, this energy is minimized when the 0-level and 𝑘-level contours 
of the level set function 𝜙 are located on desired object boundaries, where the function 𝑔 takes 
smaller values than other non-edge locations. The weighted area term is defined by, 

 
𝐴(𝜙) = 𝛼0 ∫  𝑔𝐻(െ𝜙)𝑑𝑥 + 𝛼𝑘 ∫  𝑔𝐻(െ𝜙 + 𝑘)𝑑𝑥 (19) 

 The minimization of the energy 𝐴𝑔  is achieved by shrinking and expanding the 0-level and 
𝑘-level contours, depending on the sign of 𝛼0 and 𝛼𝑘  of the banded region between the 0-level 
and 𝑘-level contour when they arrive at object boundaries where take larger values. 

 
2.4  Energy Minimization 
  
With the energy terms including 𝐿(𝜙), 𝐴(𝜙) and 𝐷(𝜙) defined above, we propose to 

minimize the following energy functional:  
𝐹(𝜙) = 𝐿(𝜙) + 𝐴(𝜙) + 𝐷(𝜙). (20) 

 This energy functional can be minimized by alternately minimizing 𝐹 with respect to each of its 
variables. The energy minimization process starts with an initialization of the level set function 𝜙 
and the smooth function 𝛼. We minimise the function 𝐹 with respect to 𝜙 applying gradient 
flow method and get,  

∂𝜙
∂𝑡

= െ ∂𝐸
∂𝜙

= 𝑑𝑖𝑣 ቀ𝑔 ∇𝜙
ȁ∇𝜙ȁ

ቁ [𝜆1𝛿(𝜙) + 𝜆2𝛿(𝜙 െ 𝑘)]

+ ∂𝑔[𝛿(𝜙 െ 𝑘) െ 𝛿(𝜙)] + 𝜇 ቆ∇2𝜙 െ 𝛼d𝑖𝑣 ቀ ∇𝜙
|∇𝜙 |

ቁቇ

 (21) 

 
In practice, the Heaviside function 𝐻 is approximated by the following smooth function 

𝐻𝜀  defined as  

𝐻𝜀(𝑦) = ቌ

1
2
ቂ1 + 𝑦

𝜀
+ 1

𝜋
sin ቀ𝜋𝑦

𝜀
ቁቃ ,  𝑖𝑓     |𝑥|  𝜀

1,  𝑖𝑓     𝑥 > 𝜀
0,  𝑖𝑓     𝑥 < െ𝜀

� (22) 

 and 𝛿𝜀  is the derivative of 𝐻𝜀  as  

𝛿𝜀(𝑦) = ቆ
1

2𝜀
ቂ1 + cos ቀ𝜋𝑦

𝜀
ቁቃ ,  𝑖𝑓     |𝑥|  𝜀

0,  𝑖𝑓     |𝑥| > 𝜀.
� (23) 
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3  Implementation with Two Steps 
  
In this section, we describe a two-step approach for segmentation of LV and RV. In the 

first step, we use the DRLSE to perform a preliminary segmentation of LV and RV to roughly 
locate the endocardial contours of the LV and RV. The level set function obtained in the first step 
is used as the initial level set function of the proposed level set evolution in [18] in the second step, 
with the 0-level and 𝑘-level contours representing the initial endocardial and epicardial contours, 
respectively. The final endocardial and epicardial contours of LV and RV are then obtained as the 
result of the level set evolution in the proposed model described in Section 2.3 and  2.4. The 
details of this two-step approach are described below. 

 

 
Figure 3: Roughly locate endocardial contours of LV and RV using distance regularized level set 
evolution (DRLSE) model: (a) initialization for DRLSE, (b) _nal zero level of DRLSE used as the 
initialization of two-level-set function, (c) initialization of two-level-set-function. 

 
3.1  Preliminary Segmentation of LV and RV Using DRLSE 
 
In the first step, we use distance regularized level set evolution (DRLSE) model to obtain a 

preliminary segmentation of left and right ventricles, which is then applied to define the initial 
level set function for the distance regularized two-level-set model described in Section 2. 

Figure 3 illustrates the complete process of preliminary segmentation from cardiac images, 
which includes manual initialization as well as final contours resulted from the DRLSE model, 
respectively. First, we place two square blocks inside cavities of the left and the right ventricle for 
the initialization of the DRLSE model. Then the final zero level contour in DRLSE is evolved to 
capture the inner contours of both LV and RV. The final contours of the DRLSE model are going 
to be used as the initial endocardial contours in the following segmentation step. Given the 
segmented left and right ventricles obtained in the first step, denoted by 𝑉𝑙𝑒𝑓𝑡  and 𝑉𝑟𝑖𝑔݄𝑡 , we 
constructed the initial level set function for the second step as: 

 

𝜙0(𝑥) = ൬𝑐        𝑥 ∈ 𝑉𝑙𝑒𝑓𝑡 ∪ 𝑉𝑟𝑖𝑔݄𝑡
െ𝑐              𝑒𝑙𝑠𝑒

� (24) 
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 where 𝑐 is a positive constant. 
 
3.2  Extraction of Both Endocardial and Epicardial Contours Using 

Proposed Model 
 
The second step of our method aims to accurately capture both the endocardial contours as 

well as the epicardial contours of both LV and RV at the same time, based on the previously 
initialized results. In this step, we incorporate the anatomical knowledge of the heart as shown in 
Figure 1 into our two-level-set formulation, where the endocardial and epicardial contours are 
represented by two specified level contours from one level set function. With the above 
two-level-set representation of endocardial and epicardial contours, we implement the 
mathematical model discussed in Section 2 to accurately segment left and right ventricles from 
cine-MRI based on previously initialized contours from DRLSE method. 

In details, the preliminary segmentation of inner contours of left and right ventricles from 
DRLSE as well as selected different level contours from the same level set function are used to 
initialize the endocardial contour and the epicardial contour separately in proposed model, which 
are labeled as the 0-level contour and the 𝑘-level contour. Both level sets are optimized by an 
energy minimization process as proposed in Section 2.4 to best estimate the actual endocardium 
and epicardium of LV and RV from cardiac images. In the following section, we are going to 
demonstrate the implementation details as well as the segmentation results from the proposed 
two-step method. 

 
4  Experimental Results 
  
In this section, we demonstrate the implementation details as well as the segmentation 

results of the proposed two-step approach with the application to segment left and right ventricles 
using cardiac cine-MRI data derived from MICCAI 2009 left ventricular segmentation challenge, 
the MICCAI 2012 right ventricular segmentation challenge and the MICCAI 2013 challenge 
workshop . 

 
4.1  Parameters Selection 
 
In first step, we set the parameters for the DRLSE model with Δ𝑡 = 1, 𝜇 = 0.2, and 

𝜆 = 10. In the second step, we numerically solve the level set evolution equation of proposed 
model presented in Eq. (15) by following a standard finite difference scheme proposed in [18]. The 
details of the selected parameters for the proposed model are provided. Time step Δ𝑡 used in the 
approximation of temporal derivative was set to Δ𝑡 = 0.1 in our implementation. For the datasets 
used in this paper, remaining parameters were 𝛼0 = െ3, 𝛼𝑘 = െ3, 𝜌 = 3, 𝜇 = 1, 𝜔 = 0.5, 
𝜆1 = 1, 𝜆2 = 1. The choice of the level 𝑘 = 140. As mentioned earlier, the constant 𝛼 should be 
approximately equal to 𝑘/𝑑, where 𝑑 is the average thickness of the myocardium (in pixel) in the 
image. From the images in the dataset used in our work, we know the average thickness of the 
myocardium is 10 in pixel. Therefore, we chose 𝛼 = 140/10 = 14. 
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4.2  Segmentation Results 
 
 
4.2.1  Results for MICCAI 2009 challenge on left ventricle segmentation and 

MICCAI 2013 challenge workshop 
 
Our two-step approach has been tested on the dataset of MICCAI 2009 challenge on left 

ventricle segmentation (http://smial.sri.utoronto.ca/LV_Challenge/Home.html) and MICCAI 
2013 challenge workshop 
(https://masi.vuse.vanderbilt.edu/workshop2013/index.php/Main_Page). We first show our left 
ventricle segmentation result for one CMR image named DET0001101 from MICCAI 2013 
challenge workshop as an example in Figure 4. In MICCAI 2009 left ventricle segmentation 
challenge, the metrics for quantitative evaluation included average perpendicular distance (APD) 
and the Dice similarity coefficient (DSC) where DSC is a measure of the overlap of two regions 
and is defined by  

𝐷𝑆𝐶 = 2×|𝐴∩𝐵|
|𝐴|+|𝐵|

 (25) 
 where | ∗ | is the area of region ∗. The MICCAI challenge evaluation criterion grades a detected 
contour as good if the APD between ground truth and detected contour is less than 5mm. The 
quotient formed by dividing the number of detected contours by the number of contours from the 
ground truth is termed the detected percentage. Dividing the number of good contours by the 
number of detected contours yields the good percentage. The results of our proposed method in 
terms of these metrics are reported in Table 1 for each image case in validation datasets. In [20], 
[36], [13], [6], APD values and DSC values for validation dataset are reported. We compared the 
APD and DSC metrics of our segmentation results with the results of methods in [20], [36], [13]
, [6] as shown in Table 1 shows how the the DSC statistics of our method are not dissimilar to those 
obtained by other methods in the validation datasets, but our APD values are the smallest 
suggesting that our contours are closest to the ground truth. Furthermore, we have obtained the 
highest detected percentage (100%) and highest good percentage for both endocardial (endo) and 
epicardial (epi) contours in the validation datasets. 
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Figure  4: Example of segmentation result from MICCAI 2013 challenge workshop training 
set(DET0001101); (a)original image, (b)groundtruth, (c)result of DRLSE, (d)final result. 
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esults on validation dataset for the M

IC
C

A
I 2009 challenge 

   
  D

etected (%
)  

  G
ood (%

)  
  A

PD
 (m

m
)  

  D
SC

 
Patient  

 endo  
 epi  

 endo  
 epi  

 endo  
 epi  

 endo  
 epi 

 SC
-H

F-
I-5  

 100  
 100  

 100  
 100  

 1.15  
 0.98  

 0.95  
 0.97 

SC
-H

F-
I-6  

 100  
 100  

 100  
 100  

 1.27  
 1.31  

 0.94  
 0.96 

SC
-H

F-
I-7  

 100  
 100  

 100  
 100  

 2.23  
 1.45  

 0.89  
 0.95 

SC
-H

F-
I-8  

 100  
 100  

 100  
 100 

 1.83  
 1.89  

 0.92  
 0.95 

SC
-H

F-
N

I-11  
 100  

 100  
 100  

 100  
 2.07  

 1.42  
 0.91  

 0.95 

SC
-H

F-
N

I-31  
 100  

 100  
 100  

 100  
 1.80  

 1.80  
 0.91  

 0.94 

SC
-H

F-
N

I-33  
 100  

 100  
 100  

 100  
 1.98  

 1.88  
 0.88  

 0.92 

SC
-H

F-
N

I-7  
 100  

 100  
 100  

 100  
 2.35  

 1.24  
 0.91  

 0.96 

SC
-H

Y
P-37  

 100  
 100  

 100  
 100  

 1.41  
 1.80  

 0.89  
 0.94 

SC
-H

Y
P-6  

 100  
 100  

 100  
 100  

 1.44  
 2.21  

 0.91  
 0.92 

SC
-H

Y
P-7  

 100  
 100  

 75  
 100  

 2.30  
 1.67  

 0.88  
 0.95 

SC
-H

Y
P-8  

 100  
 100  

 89.47  
 100  

 2.14  
 2.09  

 0.88  
 0.94 

SC
-N

-5  
 100  

 100  
 93.33  

 100  
 2.14  

 1.48  
 0.82  

 0.94 
SC

-N
-6  

 100  
 100  

 100  
 100  

 2.10  
 1.39  

 0.87  
 0.95 

SC
-N

-7  
 100  

 100  
 100  

 100  
 1.26  

 1.25  
 0.91  

 0.94 
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Table  2:  Left ventricle segmentation results of different methods for 2009 LV MICCAI validation data sets 
        

group   [20]     [36]    [13]    [6]   our 
method 

APD(mm)(%)endo   
2.07±0.61  

 
2.29±0.57  

 
2.04±0.47  

 
2.44±0.62  

 
1.76±0.57 

APD(mm)(%)epi  1.91±0
.63  

 
2.28±0.39  

 
2.35±0.57  

 
2.05±0.59  

 
1.95±0.43 

DSC(%)endo   
0.89±0.03  

 
0.89±0.03  

 
0.89±0.04  

 
0.88±0.03  

 
0.95±0.01 

DSC(%)epi   
0.94±0.02  

 
0.93±0.01 

 
0.92±0.02  

 
0.93±0.02  

 
0.92±0.03 

detected(%)endo   
77.78±17.35  

 
99.7±1.4  

 100   -   100 

detected(%)epi   
85.68±14.06  

 100   100   -   100 

good(%)endo   
72.45±19.52  

 
86.4±11  

 
94.33±9.93  

 
92.28±6.05  

 
97.83±0.21 

good(%)epi   
81.11±13.95  

 
94.2±7.0 

 
95.6±6.90  

 
92.22±5.02  

 
97.48±0.33  

 
   µ-¶ meanV no YalXe UepoUWed in WhiV papeU.    
 
4.2.2  Results for MICCAI 2012 right ventricle segmentation challenge 
 
Our two-step approach has been additionally tested on the dataset of MICCAI 2012 right 

ventricle segmentation challenge (http://www.litislab.eu/rvsc). 
Figure 5 illustrates segmentation results of left and right ventricles from a randomly 

selected patient cine-MRI using the proposed method after applying DRLSE initialization. Each of 
these figures corresponds to one of the middle steps within the iteration (iterates from left to right 
and from top to bottom). The proposed segmentation model accurately captures the endocardial 
and epicardial contour detail in both left and right ventricles, even in the presence of intensity 
inhomogeneity and image noise (refer to bottom right panel in Figure 5). Figure 6 shows the 
results and ground truth for subject P15 in the training set. We selected two slices at end-diastole 
and end-systole and achieved promising results using our proposed method. 
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Figure  5: Evolution of the 0-level and 𝑘-level contours in the proposed distance regularized 
two-level-set model, starting from the initial contours (on the left) obtained in the first step as 

shown in Figure 3c.  
 

 
Figure  6:  Results of our method (right column) and ground truth (middle column) for the images (left column) at 

end-diastole shown in (a) and end-systole in(b). Each row shows one of two slices in the images from one case. 
   
Table 3 compares our segmentation results to others using datasets from the MICCAI 2012 

right ventricle segmentation challenge using DSC and Hausdorff distance (HD) metrics. HD 
provides a symmetric distance measure of the maximal discrepancy between two labeled contours 
and is defined as, 

 
𝐻𝐷(𝐴,𝐵) = 𝑚𝑎𝑥 ቀ𝑚𝑎𝑥

𝑎∈𝐴
(𝑚𝑖𝑛
𝑏∈𝐵

𝑑(𝑎, 𝑏)),𝑚𝑎𝑥
𝑏∈𝐵

(𝑚𝑖𝑛
𝑎∈𝐴

𝑑(𝑎, 𝑏))ቁ (26) 
 where 𝑑(𝑎, 𝑏) denotes Euclidean distance. ED and ES stand for end-diastole and end-systole, 
respectively. Table 3 shows promising results for our method compared to the other three methods.
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Table  3:  R
ight ventricle segm

entation results of different m
ethods for 2012 R

V
 M

IC
C

A
I test1 data sets  

 2*  
[43] 

[2]  
[33] 

our m
ethod 

  
ED

  
ES 

ED
 

ES 
ED

 
ES 

ED
 

ES 
*En  

D
M

 
0.83(0.

17) 
0.72(0.

27) 
0.86(0.

11) 
0.69(0.

25) 
0.88(0.

11) 
0.77(0.

18) 
0.90(0.

15) 
0.82(0.

23) 
 

H
D

 
9.77(7.

88) 
11.41(1

0.49) 
7.70(3.

74) 
11.16(5

.53) 
7.69(6.

03) 
10.71(7

.69) 
7.51(5.

47) 
10.50(8

.03) 
*Ep  

D
M

  
0.86(0.

13) 
0.77(0.

23) 
0.88(0.

08) 
0.77(0.

17) 
0.90(0.

08) 
0.82(0,

13) 
0.89(0.

21) 
0.83(1.

57) 
 

H
D

 
10.23(7

.22) 
11.81(9

.46) 
7.93(3.

72) 
11.72(5

.44) 
8.02(5.

96) 
11.52(7

.70) 
9.36(8.

19) 
12.58(9

.03) 
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5  Conclusions 
 
In this paper, we present a new segmentation method for left and right ventricles from 

cardiac MR short-axis images. This framework contains two steps: firstly we apply the DRLSE 
method as initialization of endocardial contour and then we use the two-level-set model to 
accurately capture both endocardial and epicardial contours for LV and RV, simultaneously. 
Experimental results have demonstrated the effectiveness of this proposed two-step level set 
approach for segmenting cardiac left and right ventricles from cine-MRI. Quantitative evaluation 
and comparison with some state-of-the-art methods show advantage of our method in terms of 
segmentation accuracy. 
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