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A B S T R A C T

Right ventricle segmentation is a challenging task in cardiac image analysis due to its complex anatomy and
huge shape variations. In this paper, we proposed a semi-automatic approach by incorporating the right ventricle
region and shape information into livewire framework and using one slice segmentation result for the seg-
mentation of adjacent slices. The region term is created using our previously proposed region growing algorithm
combined with the SUSAN edge detector while the shape prior is obtained by forming a signed distance function
(SDF) from a set of binary masks of the right ventricle and applying PCA on them. Short axis slices are divided
into two groups: primary and secondary slices. A primary slice is segmented by the proposed modified livewire
and the livewire seeds are transited to a pre-processed version of upper and lower slices (secondary) to find new
seed positions in these slices. The shortest path algorithm is applied on each pair of seeds for segmentation. This
method is applied on 48 MR patients (from MICCAI’12 Right Ventricle Segmentation Challenge) and yielded an
average Dice Metric of 0.937 ± 0.58 and the Hausdorff Distance of 5.16 ± 2.88mm for endocardium seg-
mentation. The correlation with the ground truth contours were measured as 0.99, 0.98, and 0.93 for EDV, ESV
and EF respectively. The qualitative and quantitative results declare that the proposed method outperforms the
state-of-the-art methods that uses the same dataset and the cardiac global functional parameters are calculated
robustly by the proposed method.

1. Introduction

Cardiovascular magnetic resonance imaging (CVMRI) is a highly
flexible and accurate medical imaging modality to obtain cardiac
function. It is the best choice for non-invasive ventricular volume
measurements [1,2] and wall motion tracking which provides a huge
dataset for researchers that should be validated with standard ap-
proaches like XCAT phantoms [3]. Volume measurement needs seg-
mentation of the ventricles, and this is a challenging task for the right
ventricle (RV) because of its unclear borders and variety of shapes in
most cases. The right ventricle provides the blood needed for the pul-
monary circulation system, which has a lower resistance than systemic
circulation, and thus this ventricle’s muscle is thinner than the left one;
this makes the segmentation of right ventricle more difficult. In addi-
tion, as opposed to the normal left ventricle, the right ventricle is highly
trabeculated and such wall irregularities have similar gray level values
to the enclosing myocardium and make the segmentation process more

complicated, especially in short axis view. The similarity of the gray
level of the surrounding tissues and the heart muscle is an additional
problem in epicardium segmentation (the outer surface of the heart).
Consequently, in brief, the problem of RV segmentation is still open and
several methods have been proposed to deal with it [2,4]. The proposed
methods can be classified as: 1) image-based methods including
thresholding-based methods [5–7], pixel classification [8] and dynamic
programming [9]; 2) statistical models [10–14]; 3) deformable models
[15–17]; 4) Atlas-guided segmentation [18–22], 5) using left ventricle
results [23]; and 6) graph based segmentation [24,25].

Statistical methods, which are the most utilized approach in cardiac
ventricle segmentation [2,4], can be categorized based on the use of
information prior to active shape model (ASM) and active appearance
model (AAM). There is a training set of labeled examples that make a
point distribution model (PDM), achieved by the principal component
analysis (PCA) on the collection of aligned shapes, and ventricles are
constrained by the PDM to vary only in ways seen in a training set. In
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ASM, segmentation is performed by locating a model on new images
and by iteratively deforming (translation, rotation, and scaling) the
model to fit to an instance shape [2]. The AAM uses the same frame-
work and phases as those of ASM but it includes the appearance (in-
tensity variations) of the objects simultaneously [10]. Even though
various developments of statistical shape modes have been proposed,
the main drawback of these approaches remains their dependence on
the similarity of shapes to the training set.

Deformable models, which have been widely utilized in cardiac
image segmentation due to their flexibility [26], use closed parametric
curves that get deformed under the influence of internal and external
forces. Internal forces are computed to preserve the smoothness of the
curve, while external forces are computed from the image to drive the
curve toward the region of interest [2]. The active contour needs the
initialization of the curve; this is considered as a significant drawback
because the initialization quality effects on the segmentation results
directly. The shape and region information can be incorporated in these
models to prevent them from getting trapped into false edges. This
approach is utilized in the work of Chan-Vese [27], and Gerosgeorg
et al. [16] have used it for left and right ventricle segmentation. Gui
et al. [28] also proposed a novel shape constraint, which does not re-
quire any trained prior or parameter selection, for handling compact
shapes in medical images.

Atlas-based segmentation methods utilize the object intensity and
object label in a set of images —known as Atlas— for the registration of
a prior model to an image. The registration of Atlas onto the desired
image and applying the achieved transformation to it is the primary
step. The main drawback of this approach is that a promising result
severely depends on how well the registration process has been per-
formed.

Graph-based segmentation has recently become popular in cardiac
segmentation because of its acceptable performance [4]. In graph-based
methods, an image is considered as a weighted undirected graph
G= {V, E} in which each pixel is represented as a node (V) and the
links between each pair of neighboring pixels are defined with the si-
milarity function (these edges are called n-link). A cut is defined as a set
of edges that divides the nodes into two sets: foreground and back-
ground. For this purpose, it is rather hard to find a direct solution. So, it
is more reasonable to solve this problem by an optimization procedure.
One of the most famous strategies of optimizing energy functional is the

min-cut/max-flow [29] graph cut algorithm. Boykov et al. [29] have
proposed two additional nodes as terminal nodes and called them
Source S and Sink T, representing foreground and background respec-
tively. Each pixel in the image is linked to the terminal nodes through
newly defined edges: t-links. A cut in the graph means cutting t-links
and n-links to assign the labels “object” or “background” to each pixel.
Graph cut is the most popular approach among graph-based segmen-
tation methods, but these methods are not limited to graph cut and are
generally classified into four groups [25]: (1) graph cut, (2) shortest
path-based methods, (3) minimal spanning tree based methods and (4)
other methods which means graph-based segmentation methods that do
not belong to any of the pre-mentioned categories [30,31]. Shortest
path based-methods look for the minimal path (which means that the
total edge weights is minimal) between two vertices in a weighted
graph and define the object via finding the shortest path between pixel
pairs on object boundaries. The most well-known algorithm for solving
the shortest path problem is Dijkstra’s algorithm [32], which is based
on dynamic programming and aims to grow Dijkstra’s tree in an
iterative manner. A powerful method in this category is livewire [33].
In fact 2D livewire permits the user to select a starting point on the
object border. Then, as the user starts to move the mouse over other
pixels, the smallest cost path is drawn from the initial point to the pixel
where the mouse movement ends. The main advantage of livewire is
that it updates the proposed solution in real time based on user inter-
action. Livewire is a semiautomatic method and thus it can be inter-
esting in medical applications because the integration of a radiologist’s
knowledge and experience makes the segmentation result more accu-
rate. There are various extensions of the livewire algorithm contains 3D
livewire [34–38], live mesh [39], live lane [40], live vessel [41] etc. In
3D livewire, the contours on a selected set of slices are utilized as initial
points on new unseen slices in other directions. A live vessel modifies
livewire cost function by adding the vesselness filter, vessel direction
term, and the fitness of the medial node to segment vessels in angio-
graphy images more precisely.

In this paper, we have modified the livewire approach and pre-
sented a novel, intuitive, and efficient interactive technique that ex-
pedites RV segmentation. The proposed modifications are:

1- Defining a shape prior term based on the signed distance function
(SDF) [24]. This new term aims to force the graph search algorithm

Fig 1. Overview of proposed method for right ventricle segmentation in primary slices.
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to a general shape of RV.
2- Defining a region term to take advantage of the homogeneous region

of RV.
3- Seed point transition in long axis dimension.

A sketch of the proposed method can be seen in Fig. 1.
This paper is further structured as follows: In Section 2, our dataset

for RV segmentation and an overview of the proposed method are de-
scribed. In the method description part, the shape and region terms are
defined. Next, graph searching and classic livewire are introduced. Fi-
nally, the seed point transition algorithm and the segmentation proce-
dure are delineated. The implementation details and segmentation re-
sults are provided in Section 3. Method discussion and concluding
remarks are drawn in Sections 4 and 5.

2. Materials and methods

2.1. Evaluation dataset for the proposed method

We used the MICCAI 2012 RV Segmentation Challenge (RVSC) da-
taset [4] for the evaluation of the proposed method. The dataset con-
tained three sets: one training set and two test sets. Each set had 16
patients with diagnosed cardiac pathologies and therefore the whole
dataset had 48 image series. It also contained various pathologic con-
ditions include: myocarditis, suspicion of arrhythmogenic right ven-
tricular dysplasia, aortic stenosis, ischemic, hypertrophic and dilated
cardiomyopathy, which make it a comprehensive dataset with a wide
range of shape variations. The RV borders of the training set image
series were delineated by an expert radiologist of Rouen University
Hospital and used as the training set, where two volumes representing
end-diastole (ED, the maximum filling of blood in the ventricles during
a cardiac cycle) and end-systole (ES, the maximum contraction of the
ventricles corresponds to the minimum filling of blood in the ventricles
during a cardiac cycle) were manually labeled for each examination.
We utilized these images for the generation of RVness. The RV borders
of Test 1 and Test 2 sets were not available in the RVSC dataset [4].
However, the challenge organizers have provided the opportunity
submitting the segmentation results and gave an evaluation of the re-
sults. We followed this procedure, then consulted and shared the results
with two radiologists of Rajaie Cardiovascular Medical and Research
Center for evaluation of Test 1 and Test 2 sets.

2.2. Proposed livewire method

As described in the introduction, we modified the livewire approach
to introduce a robust and efficient method for RV segmentation. The
livewire algorithm is a semi-automatic tool for accurate segmentation
which needs seed point from the user input on the boundary of the
desired object. The proposed modifications on the original livewire
were: (i) Defining a shape and a region term to improve method con-
sistency and (ii) seed point transition in the long axis dimension. These
modifications improved the original livewire method significantly to
segment RV more precisely. On the other hand, gathering gradient and
edge information of the image in the livewire cost function, provided
the opportunity that when each of the pieces of information was in-
accessible, the others would guide the livewire dynamic path to the RV
contour.

The original cost term in livewire was changed according to the
mentioned modifications to use the region and shape information and
accordingly, a new local cost was proposed. The local cost was then
calculated for each pixel in the image, starting right from the initial
seed point so that the path would be minimal. The user would choose
the next seed point based on the visible minimal path, and then, the
algorithm would be repeated [33]. The mathematical equations are
described in Appendix 2.

2.2.1. RVness term
The shape variation is modeled by implicit and explicit ways. A very

popular explicit shape representation is the point distribution model
(PDM), which represents shapes by a finite number of landmarks
[12,42]. Point correspondence is the main requirement of PDM. How-
ever, establishing correspondences can also be very challenging due to
variability in manual way and detection error in automatic way [24].
Another approach is implicit way which considers the shape as a zero-
level set and the values of the remaining pixels determined by their
shortest (usually Euclidian) distance to the boundary [43]. Leventon
et al. [43] introduced a novel approach by applying principal compo-
nent analysis (PCA) on the signed distance function (SDF) of the con-
tours. The signed distance function (or oriented distance function) of a
set Ω determines the distance of a given point, x, from the boundary of
Ω, with the sign being determined by whether x is in Ω or not. The
function takes negative values at points inside Ω, zero at points on Ω,
and positive values at points outside Ω [43]. The authors prefer this
method because of two reasons: (i) SDF is less sensitive to the tiny
misalignments of the training data because of the correlation of the
neighboring pixels’ values. (ii) This approach increases the accuracy,
reliability and speed of the shape registration process. The procedure is
described thoroughly in Appendix 1.

2.2.2. Region term
We used our previously presented method [44,45] for obtaining

region information. In this approach, image pixels are weighted ac-
cording to their gray level and spatial distances from the initial point as
delineated by user. Owing to the incorporation of the gray level and
spatial information from the initial points, the presented map is called
Grayspace map or Gsmap in abbreviation. The pseudocode of GSmap
generation is presented below.

Algorithm of forming GSmap
1: Extract the initial point gray level value and position
2: Define an incremental interval parameter, D=0
3: For all the pixels in the image
4: Look up for pixels in the image that have the gray level in the

[V−D, V+D] interval L x y( , )i

5: Retain pixels that are adjacent to ′ −L x y( , )i 1

6: ′L x y( , )i =D+1
7: D=D+1
8: End

So, we have an image with the same size as the original image, and
pixels close to the initial point (in terms of the spatial and gray level
value) are highlighted with lower values. The resulting Gray Space map
is demonstrated in Fig. 2(b). After forming the GSmap, we use the well-
known SUSAN edge detection algorithm [46] for studying the effect of
region information around RV boundaries. The SUSAN edge detector,
which uses a circular Gaussian weighted mask, presents the amount of
edgeness in an image without applying non-maximal suppression, and
it does not result in a binary image with {0, 1} values, quite unlike the
classic edge detectors (e.g. sobel, prewitt, Roberts, …) [46]. The final
step is to complement the results of the SUSAN algorithm to have low
cost values for RV boundaries. Fig. 2 shows the result.

2.2.3. 2D–3D propagation
Numerous 2D and 3D approaches are introduced for left and right

ventricle segmentation in CMR images [2,4]. To achieve a technique
with a good robustness and flexibility, a number of geometrical and
topological assumptions, which represent right ventricle characteristics,
should be considered. The four assumptions are listed in Table 1, along
with their explanation.

Regarding the smoothness of the RV cavity structure (assumptions
#2 and #3), short axis slices have a correlation, which is significant in
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adjacent slices. In other words, the expected segmentation of a slice is
influenced by its adjacent slices segmentation. On the other hand, the
amount of slice thickness (assumption #4) reduces the correlation of
distant slices and prevents considering all slices at once. Hence, it
would be reasonable to see adjacent slices rather than involving all the
slices in computation.

Regarding these facts, we propose a novel strategy that divides short
axis slices to primary and secondary slices. Every threefold adjacent
slices are considered as a group in which the mid slice would be pri-
mary and the top and bottom slices would be secondary slices (see
Fig. 3). This form of slice grouping (considering top and bottom ad-
jacent slices) benefits from correlation of adjacent slice and from an-
other point of view, prevents inconsistency of the method (derived from
taking all of short axis slices into account).

Extending the segmentation of a slice to a neighboring slice is pre-
sented in some of previous works [47,48]. In [47], the authors pre-
sented a rule-based approach for LV myocardial segmentation. They
proposed a two-stage segmentation framework and introduced a set of
control points which are corresponding of connectivity of two adjacent
slices. Zheng et al. [48] proposed a deep learning based method for
segmentation of CMR images. They utilized a novel 2D U-net and
propagated the segmentation of a slice to the adjacent slice below it.
The proposed U-net is trained to explicitly maintain the consistency
between two adjacent slices.

2.2.4. The overall algorithm for two types of slices
The proposed modified livewire, which is boosted by shape and

region term constraints, is used for segmenting primary slices. Then, for
the segmentation of secondary slices, the images are preprocessed in
three steps: 1) the GSmap algorithm with an initial point inside the RV,
2) the SUSAN edge detector, and 3) the GSmap algorithm with an initial
point outside the RV. This preprocessing results to images with brighter
areas in high edgeness areas (measured by SUSAN). In addition, RV
border pixels the have maximum possible contrast with the inside and
outside of RV cavity.

After preprocessing, seed points resulting from the applying livewire
on the primary slice are transited to the secondary slices. Then, the
nearest point with the highest value (which means the highest prob-
ability of being an edge pixel) to each seed pixel is found and the seeds
are relocated to their new position. Finally, the shortest path between
each pair of new seeds is found and accordingly the secondary slice is

segmented. Fig. 4 shows the procedure.
A noticeable point in our algorithm is the number of slices that

forms both primary and secondary sets. We used three slices because of
a tradeoff between the decreasing segmentation time and the retaining
accuracy. Our evaluations showed that if the number of secondary
slices would increase, then the segmentation validity would fall due to
significant translation of RV cavity among distant slices. On the other
hand, if we consider one slice as secondary slice, the decreasing time in
the whole process would not be significant. Moreover, the segmentation
accuracy was satisfying and thus we had to use either one or two sec-
ondary slices.

2.2.5. 3D optimization of parameters
Manual setting of the proposed livewire parameters limits the sys-

tem’s general accuracy and versatility. A feasible solution to this pro-
blem is developed to optimize the segmentation parameters auto-
matically. Three key parameters, which have the most influence on the
resulted segmentation in our algorithm, are WM, WRe, and WRV, while
the other two have negligible impact. These parameters control the
contribution rate of gradient magnitude, region term, and RVness
(shape term) in the livewire equation respectively. These parameters
can be optimized to maximize the resulting agreement by the dice
metric (DM). The DM is a measure of contour overlap by utilizing the
contour area’s automatically segmented AA, manually segmented AM ,
and their intersection [49].

= ∩
+

DM A A
A A

2( )A M

A M (1)

The DM is always between zero and one, with a higher DM in-
dicating a better match between automated and manual segmentations.
We denoted as DM the coefficient measured for particular values for
WM, WRe, and WRV. Regarding the setting of WC and WD to 0.1, a
trial–error optimization approach, which tests every combination of
these parameter values, was applied to conclude the optimal parameter
values over the training set of the RVSC dataset. The parameter values
are within a range of [0 0.8] at an increment of 0.05, and their sum-
mation must be equal to 0.8 because livewire coefficients’ summation
must be 1. This data-gathering approach produces a DM space that is
shown in Fig. 5.

Fig 2. (a) Original image with a seed point on right ventricle (cross mark). (b) Resulted Gsmap. (c) Result of SUSAN edge detection algorithm applied on GSmap. (d)
Its complement.

Table 1
List of RV properties used as assumption in the segmentation procedure.

Number Assumption Explanation

1. The RV cavity has a brighter pixels in comparison with myocardium. This is due to the SSFP image acquisition protocol.
2. The RV cavity is continuous in the long axis direction. Translation along these slices is small enough to retain the overall structure.
3. The RV wall thickness changes gently along consecutive slices. This assumption causes preventing incoherence in the myocardial thickness.
4. The interval between short axis slices is relatively large (about 7–10mm). This interval consists of slice thickness+ slice gap.
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3. Results

In this section, we illustrate the implementation details and the
segmentation results of the proposed livewire algorithm for RV seg-
mentation using cardiac short axis MR images derived from the MICCAI

2012 RV Segmentation Challenge (RVSC) dataset [4].

3.1. RVness generation

RVness is created for end diastole and end systole separately. There

Fig. 3. Visualization of primary and secondary slices.

Fig. 4. Seed points transition between primary and secondary slice. (a) A primary slice segmented by the proposed livewire. Red dots are the seed positions. (b) A
secondary slice (top adjacent slice), (c) another secondary slice (top adjacent slice). (d) Seed point transition to preprocessed secondary slice (bottom). (e) New seed
position (green dots). (f) Segmentation of secondary slice. (g) 3D representation of the procedure: the RV contour of primary slice is shown in the middle along with
seed points (red circles), and the seeds are transited to the top and bottom secondary slices. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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are six RVness models for end diastole and five for end systole from
base to apex. For the generation of the RV band in RVness, we should
keep a high proportion of variations in RV shapes. So, we kept five out
of 16 eigenshapes produced from PCA (k=5).

One of the advantages of using SDF is that slight misalignment of
the shapes has small influences on the shape prior. But for having a
robust prior map, we used the Procrustes analysis for aligning shapes to
a common translation, rotation, and scale. One of the shapes is arbi-
trarily selected and other shapes are transformed in three ways ac-
cording to the Procrustes analysis [24]:

3.1.1. Translation
All the objects are translated so that the object centroids (the mean

of object points) match the reference shape centroid.

3.1.2. Rotation
By considering x y x y{( , ), ( , ), ...}1 1 2 2 , u v u v{( , ), ( , ), ...}1 1 2 2 as object

points, a rotation by angle θ is obtained by:

= × − × × − ×u v θ x θ y θ x θ y( , ) (cos sin , sin cos )1 1 1 1 1 1 (2)

The rotation process consists of fixing the reference object and ro-
tating all other objects until the best angle (according to the mini-
mization of the sum of squared distances between object points) is
found.

3.1.3. Scaling
Scaling an object with respect to a reference object so that the root

mean square distance from the object points to the reference object
centroid is 1.

3.2. Optimized weights

In Fig. 5, WM, WRe, and WRV represent X, Y, and Z axis respectively,
and the DM values are depicted by the color map as the fourth di-
mension. As can be seen in this figure, the optimal parameter values
resulting in a DM of 0.978 over the training set come from WM=0.3,
WRe= 0.35, and WRV=0.15. The shown curve represents 17 values of

each parameter, and regarding the relationship between parameters, it
required 289 analyses to create.

3.3. Quantitative and qualitative evaluation

In MICCAI 2012 right ventricle segmentation challenge, the quan-
titative evaluation metrics were DM and Hausdorff Distance (HD).

These methods work by computing the accuracy of the segmenta-
tion by comparing it with the gold standard as well as clinically, by
comparing global RV function indices.

DM was introduced earlier and HD measures the maximum per-
pendicular distance between the automatic and manual contours [50].
A and B denote the two contours. The HD is defined as:

=
∈ ∈ ∈ ∈

HD d a b d a bmax(max(min ( , )), max(min ( , )))
a A b B b B a A (3)

where d(.,.) denotes Euclidean distance.
In addition, three functional parameters, namely end-diastolic vo-

lume (EDV), end systolic volume (ESV) and ejection fraction (EF), were
computed using the proposed livewire and manual RV segmentation
results; they were then used for correlation [51] and Bland–Altman
[52] analyses. The correlation analysis is performed to achieve the
slope, intercept, and the correlation coefficient R-value. To assess the
intra- and inter-observer variability, the coefficient of variation (CV),
defined as below, and the reproducibility coefficient (RPC), defined as
1.96 ∗ SD, are computed.

= −
+

CV SD lw man
mean lw mean man

( )
( ) ( ) (4)

where SD (lw−man) is the standard deviation (SD) of the differences
between the livewire and manual results, while mean (lw) and mean
(man) are their mean values.

3.4. Computational time and illustrative results

The segmentation procedure takes about 5 s for each slice on
average, and because the secondary slices won’t be processed, the
whole time needed for segmentation of a patient would be about 30 s.

Fig. 5. Livewire cost function weights optimization.
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These numbers are obtained using a MATLAB implementation on an
Intel Core i7 6800K CPU at 3.4 GHz with 8 GB RAM.

The proposed segmentation algorithm is performed on Test 1 and
Test 2 sets of the RVSC dataset [4]. As shown by qualitative and
quantitative evaluation, the proposed modified livewire has promising
results in both Test 1 and Test 2 sets. In comparison with other methods
using a similar dataset, our proposed method yielded the best results in
both DM and HD. Table 1 shows the average values ± standard de-
viation of the computed metrics for Test 1 and Test 2 sets. In Table 2, a
comparison of results between our method and the state-of-the-art
methods that used the same database (in terms of being automatic or
semi-automatic, DM, HD, and computational time) is presented. The
value of DM and HD which is noted as the proposed method in the
Table 2, is derived from the whole images of ED and ES frames of Test 1
and Test 2 sets. The results show a significant improvement in both DM
and HD with our proposed method.

Segmentation results for image slices at the base, apex and mid RV,
which are generally complex due to ill-defined borders and low re-
solution, are depicted in Fig. 6. In the figures, our proposed approach
segmentation results are shown in green. The ground truth manual
segmentations drawn by experts are shown in red for comparison.

Fig. 7 illustrates the result of RV segmentation using manual and the
proposed livewire method, for a sample of the RVSC dataset from base
to apex as well as in ED and ES phases of the cardiac cycle. The power of
the proposed method in segmentation of challenging slices is illustrated
by white arrows. Our method is compared visually with another graph-
based method for RV segmentation which uses SDF as shape prior and
proposed by Grosgeorge et al. [24] in Fig. 8.

Moreover, Figs. 9–11 illustrate the Pearson correlation graphs (left)

among the proposed livewire algorithm and manual segmentation re-
sults and the Bland–Altman analysis of the differences by using the Test
1 and Test 2 dataset for EDV, ESV, and EF respectively. As the figures
show, correlation with the ground truth contours of 0.99, 0.98, and
0.93 for EDV, ESV, and EF were measured. The mean and confidence
interval of the difference between the automatic and proposed livewire
EDV results were 1.58ml and −3.13ml to 6.30ml respectively. The CV
and RPC were 0.99% and 4.71% respectively.

The mean and confidence interval of the difference between the
automatic and proposed livewire ESV results were 3.2ml and −7.16ml
to 13.56ml respectively. The CV and RPC were 3.82% and 10.36%
respectively. The mean and confidence interval of the difference be-
tween the automatic and proposed livewire EF results were −2.29%
and −11.65% to 7.06% respectively. The CV and RPC were 5.22% and
9.35% respectively.

4. Discussion

There are several challenges for RV segmentation that mostly come
from the complex and crescent anatomy of the RV cavity. The RV shape
and intensity variation from base to apex and among the subjects are
also other reasons that complicate the problem. Regarding these chal-
lenges, only a few number of studies are dedicated to this problem
[2,4]. Fuzziness of the RV borders, especially in base and apex slices,
causes incorrect segmentation in most of these methods.

A novel, high precision, and semi-automatic approach based on the
2D livewire is proposed in this study for 3D segmentation of right
ventricle. Semi-automatic approaches in image segmentation have the
advantage of using the knowledge and experience of a radiologist. This
superiority is more essential in cardiac MRI image analysis, which has a
lot of ambiguities in the interpretation of images. For instance, Fig. 6
shows uncertainty and inaccessibility of the RV wall in some slices of
cardiac MRI (apical slices specially). We have used this valuable
knowledge and experience in our semi-automatic approach and the
results show a promising agreement between the proposed method and
manual ground truth.

In the proposed method, RV regional information is incorporated to
the livewire algorithm using our previously presented region growing
method [44] and a shape prior map is provided by signed distance
function approach. The transition of seed points to adjacent slices is
also performed to reduce the number of slices that should be seg-
mented. Accordingly, we defined two types of slices: primary and

Table 2
Evaluation metrics of our proposed method for the Test1 and Test2 sets of the
RVSC database [4]. Numbers’ format: mean value± (standard deviation).

Dataset DM1 HD2 (mm)

Test1 ED: 0.95 ± 0.12 4.33 ± 2.14
ES: 0.91 ± 1.10 7.28 ± 3.19

Test2 ED: 0.96 ± 0.22 3.01 ± 3.98
ES: 0.93 ± 0.89 6.02 ± 2.22

1 Dice Metric (DM).
2 Hausdorff Distance (HD).

Fig. 6. Manual (red) and proposed approach (green) segmentation of right ventricle in some challenging slices. (a) Very thin RV, (b) basal slice, (c) apical slice and
(d) unclear RV border. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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secondary slices (see Fig. 3). Primary slices are segmented by the pro-
posed modified livewire and the seeds transited to the upper and lower
slices for the segmentation of these slices.

The computed metrics in Table 1 show that the proposed approach
provides contours with a great agreement with the ground truth with an
overall DM of 93.7% (for the whole Test 1 and Test 2 images in ED and
ES phases) and an overall HD of 5.16mm. It is obvious that the pro-
posed method segments the RV at ED slices more accurately compared
with ES slices in terms of DM and HD. This is due to the larger and
clearer contours in ED slices. Table 2 reveals that our method has
outperformed the state-of-the-art methods that were attended in RVSC
[4] and the latter methods. DM, HD and required time for segmenting
all slices of a patient are summarized in Table 2. Average DM is im-
proved in comparison with other methods range from 0.007 to 0.347,
and HD is improved range from 1.54mm to 17.04mm. Mahapatra et al.
[53] have achieved the closest result to our method with DM=0.93,
and HD=6.70mm. Among semi-automatic approaches, Liu et al. [54]
which introduced a specific type of distance regularized level set
method, yielded DM=0.9 and HD=7.51mm.

Fig. 7 shows a complete segmentation for an instance cases of the
RVSC dataset from base to apex in end diastolic and end systolic phases
of the cardiac cycle. As described, the segmentation of RV has various
difficulties that are more severe in mid-ventricular and apex slices be-
cause of their lower resolution and the existence of papillary muscle.
The arrows in Fig. 7 depict the ability of our semi-automatic approach

for the segmentation of images in these situations. This figure is also a
good representation of the capability of our approach for the segmen-
tation of a wide range of RV shape variability.

In Fig. 8, we demonstrate a visual comparison between our pro-
posed method and Grosgeorge et al.’s method [24] as well as the miss-
segmentation of [24] in some of mild and apical slices—here the su-
periority of our method in segmenting these slices is highlighted by
arrows.

Figs. 9–11 show a high correlation for the three cardiac functional
parameters—i.e. EDV, ESV, and EF. These values denote excellent
match between the proposed method and manual contours and proves
the accuracy and clinical applicability for the evaluation of the RV
function. The Bland-Altman analysis results prove a promising level of
agreement in all of investigated parameters. Negligible values of mean
and slight values of limits of agreement (± 1.96 SD) are illustrative
proofs in this regard. Among presented results in Table 2, Ringenberg
et al. [6] reported their correlation results. The results were R=0.98,
0.95, and 0.78 for EDV, ESV, and EF respectively in test 1 set and
R=0.99, 0.99, and 0.91 in test 2 set. The higher R-values in our eva-
luation (R=0.99, 0.98, and 0.93 in test 1 and test 2 sets) shows the
robustness of the proposed method.

The time spent for the segmentation of a single slice is considerably
lower than manual segmentation and only needs three to six seeds for
each slice. Specifically, it takes about 5 s to segment a single slice and
30 s for all of ED and ES slices of a patient at the most. Compared to

Fig. 7. Manual (red) and proposed approach (green) segmentation of right ventricle from base to apex for an instance case of RVSC database [3]. (a) End Diastole, (b)
End Systole. Some of segmentation difficulties and the ability of our method for resolving it is highlighted: fuzziness and low resolution (full arrow) and presence of
papillary muscle and trabeculations (arrowhead). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this
article.)
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other methods, the speedup demonstrated by our method is primarily
due to the omission of secondary slices from segmentation procedure,
and the compatibility of the modified livewire with the RV segmenta-
tion problem (Table 3). Unfortunately, a reasonable comparison be-
tween other methods in Table 2 in terms of computational time was not
feasible because they have been run over different systems with dif-
ferent hardware. Among the other methods, Nambakhsh et al. work has

a lower computational time compared with our work which is 22–25 s
per patient on a CPU. However, the reported computational time do not
include the user interaction time.

As a limitation, the seed selection process should be performed by
an expert which is aware about right ventricle anatomy and contour.
Although, all of radiologists are familiar with these concepts, determi-
nation of the best position for placing the seeds (in such a way that

Fig. 8. Comparison of our method (a) with Grosgeorge et al. [24] method (b). Incompatibility of manual and automatic segmentation can be seen in group (b)
images, especially in mid and apical slices (arrows).

Fig. 9. Correlation graph (left) and Bland-Altman for end-diastolic volume (EDV) of Test 1 and Test 2 sets.
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produce the best result and decrease number of required seeds) needs
some training and time spending. A more powerful preprocessing al-
gorithm of secondary slices will ensure the performance in some of
challenging slices.

One of the most popular commercially available software in this
field is Segment [59]. It provides a user friendly framework for analysis
of cardiac MRI data. However, the results of segmentation in right
ventricle are not promising because of the aforementioned limitations
of RV segmentation. The weakness is intensified in case of pathologic
samples like congenital heart disease or ARVD, because in these cases
the RV border would be ill-defined and inaccessible.

5. Conclusion

In summary, a semi-automatic approach for precise segmentation of
RV in short axis cardiac MRI images was presented. The method em-
ployed a livewire approach and combined it with a regional term and a
shape term called RVness. After the segmentation is completed, the li-
vewire seeds are transited to a pre-processed version of upper and lower
slices; they find their new positions in these slices based on image
properties. The shortest path algorithm is applied between each pair of

new seeds for the segmentation of these slices. Taking into account the
regional and shape information provides more robustness and accuracy,
particularly for challenging slices in base and apex. The proposed ap-
proach was shown to be more accurate compared with the other state-
of-the-art methods and the standard livewire. There was also an ex-
cellent agreement and a high correlation with the manual ground truth.
The performance of the proposed segmentation method was success-
fully proven by computing validation metrics with respect to the gold
standard on the RVSC (right ventricle segmentation challenge) MICCAI
2012 database. Future research can also use RVness in different fra-
meworks such as learning-based methods. Owing to the deformable
nature of RVness, it helps learnable machines, such as Convolutional
Neural Networks (CNN) or Random Forest classifiers (like Tangaro et al.
work [60] which aimed to segment MRI images by the classifier based
on features automatically extracted from the image), to use it as a da-
tabase feature.
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Fig. 10. Correlation graph (left) and Bland-Altman for end-systolic volume (ESV) of Test 1 and Test 2 sets.

Fig. 11. Correlation graph (left) and Bland-Altman for ejection fraction (EF) of Test 1 and Test 2 sets.
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Appendix 1: Creating RVness term algorithm

The algorithm of creating a SDF from N binary shapes of the RV endocardium, obtained by manual segmentation of the RV on N cardiac MR
images of the size m×n is as follows:

1- Compute the mean shape, μ, by taking the mean of the SDFs (ui).
2- Create a mean-offset map by subtracting the mean shape from each ui.
3- Form a matrix by placing each mean-offset map as a column vector of it (M).
4- Calculate the singular value decomposition (SVD) of the covariance matrix of M:

=U U
n

MMΣ 1T T
(5)

where U is a matrix whose column vectors, named Ωi, are expected to represent the set of orthogonal modes of shape variation, namely
eigenshapes, and ∑ is an n×n diagonal matrix of corresponding singular values, or eigenvalues λi. A number k≤N of eigenshapes is retained,
with k chosen large enough to account for the most important shape variations, in the training set.
The following steps are aimed to compute a single prior map from PCA:

5- Generate highly deformed shape instances for each axis ( ±γi ) by adding and subtracting λ3 Ωi i from μ.
6- Compute areas of variation of the mean shape for eigenmode (Γ)i by an exclusive OR between the binary mean shape and the binarized ±γi .
7- Find k distance maps (PMi) by multiplying the resulted map (Γ)i on the distance values of the mean shape μ.
8- Finally, the distance maps (PMi) are averaged into a single distance map (PS):

∑=
=

P p
k

PM p( ) 1 ( )S
i

k

i
1 (6)

PS includes two regions: 1) a distance-based region, where the contour is expected to be and 2) the complementary region, filled with zero values. A
sample prior map is demonstrated in Fig. 12.

A summary diagram of the PS generation procedure is depicted in Fig. 13.
The final step for calculation of RVness term is preparing this prior map to be added to the cost function of livewire. The proposed prior map in

(6) has constant regions with 0 values (region 2) which denotes background and object regions and a band of highly probable RV with nonzero
positive and negative values (region 1). However in order to use prior map as a new term in livewire cost function this term is required to have low
values in the RV band and higher values in the object and background areas. Therefore we used absolute value of (6) with positive values at the RV
band (region 1) and higher values are set to 1 due to normalization for region 2:

= ⎧
⎨⎩

≠
=

f p
P p if P p

if P p Object Background
( )

| ( )| ( ) 0
1 ( ) 0 ( & )RV

S S

S (7)

Consequently, we have a prior term that we call it RVness and can be subjoined to the livewire cost function.

Table 3
Comparison of segmentation performance between proposed method and state-
of-the-art techniques using the RVSC database [4]. Numbers format: mean
value ± (standard deviation). The last column represents mean computation
times required to process one patient. The best result in each coulumn is
highlighted.

Method A/SA1 DM HD (mm) Time per
patient

Proposed method SA 0.937 ± 0.58 5.16 ± 2.88 30 s
Mahapatra et al. [53] A 0.93 ± 0.60 6.7 ± 4.2 N/A
Liu et al. [54] SA 0.90 ± 0.15 7.51 ± 5.47 N/A
Classic livewire [33] SA 0.90 ± 0.21 9.20 ± 4.12 3min
Ringenberg et al. [6] A 0.83 ± 0.16 9.05 ± 6.98 N/A
Grosgeorge et al. [24] SA 0.81 ± 0.16 7.28 ± 3.58 45 s
Maier et al. [55] SA 0.80 ± 0.19 9.79 ± 5.38 2–3min
Bai et al. [56] SA 0.78 ± 0.20 9.26 ± 4.93 10min*

Zuluaga et al. [18] A 0.78 ± 0.23 10.51 ± 9.17 12min
Punithakumar et al.

[57]
SA 0.77 ± 0.16 9.64 ± 4.15 N/A

Ou et al. [19] A 0.61 ± 0.29 15.08 ± 8.91 30min*

Wang et al. [4] A 0.61 ± 0.34 22.20 ± 21.74 N/A
Nambakhsh et al.

[58]
SA 0.59 ± 0.24 20.21 ± 9.72 22 s

1 Automatic/Semi-automatic.
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Appendix 2: Classic livewire and the proposed method equation

The cost function that describes the cost from pixel p to pixel q in classic livewire is:

= + +C p q w f q w f p q w f q( , ) ( ) ( , ) ( )M M D D C C (8)

where fM , fD, and fC are gradient magnitude, gradient direction, and canny edge detection respectively; w w,M D, and wC are their weights. These
weights determine the contribution rate of each term to the cost function.

The gradient magnitude is defined as:

= −
+

f q
G

( ) 1
( ) ( )

max( )M

dq
dx

dq
dy

2 2

(9)

In this equation, G refers to gradient magnitude in the 2D image and max(G) represents the largest gradient magnitude. As it is clear, the gradient
magnitude has high value in borders and low value in homogenous regions. When the user moves the mouse around the object, the border pixels are
expected to have low costs so that the livewire algorithm can tend to the border. It is obvious that the gradient magnitude must be inverted and
accordingly provides low costs for strong edges. The gradient direction cost term from pixel p to pixel q is defined as:

=
+

f p q
a x x

π
( , )

cos( )
D

G p G q G p G q( ) ( ) ( ) ( )

dp
dx

dq
dx

dp
dy

dq
dy

(10)

where G(p) represents the gradient magnitude for pixel p. Finally, f q( )C is the canny edge detector [61]. The canny edge detector results in a binary
image, with white pixels representing edges and black pixels are in the background.

In our proposed method, RVness and region term were added to the livewire cost function and formed a new cost function.

Fig. 12. Prior map obtained from base slices of the training set.

Fig. 13. The procedure of Ps generation.
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= + + + +C p q w f q w f p q w f q w f q w f q( , ) ( ) ( , ) ( ) ( ) ( )M M D D C C RV RV Re Re (11)

where fRV and fRe are shape and region terms respectively, while wRV and wRe are their weights.

Appendix 3: Graph searching algorithm

As mentioned earlier, boundary finding is formulated as a directed graph search for a minimum cost path. The nodes in the graph are initialized
with local costs and then a user-selected seed point is “expanded” (it means that its local cost is added to its neighboring nodes).

The seed point is initialized with a zero cost (see red pixel in Fig. 14a), since it has no cost for traveling from a pixel to itself. The seed is then
placed in a cost-sorted list q, which is called the “active list.” Afterward, the cost between each neighbor qi and seed is determined and called ci. If the
seed cost scost plus the calculated cost ci is less than the neighbor’s cost, then the neighbor’s cost is set to be scost + ci (Fig. 14b–e) and a pointer is
assigned from the neigbor to the seed (qi.prev). The neighbor is then added to the active list (red numbers on the right side bar of Fig. 14a–e).

When all the seed’s neighbors’ costs have been updated, the algorithm gets rid of the seed and neighbor with the lowest cost being selected as the
next pixel to visit [33]. The same process is iteratively followed for each pixel.
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