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Purpose: Segmentation of cardiac medical images, an important step in measuring cardiac function,
is usually performed either manually or semiautomatically. Fully automatic segmentation of the left
ventricle (LV), the right ventricle (RV) as well as the myocardium of three-dimensional (3D) mag-
netic resonance (MR) images throughout the entire cardiac cycle (four-dimensional, 4D), remains
challenging. This study proposes a deformable-based segmentation methodology for efficiently seg-
menting 4D (3D + t) cardiac MR images.
Methods: The proposed methodology first used the Hough transform and the local Gaussian distri-
bution method (LGD) to segment the LV endocardial contours from cardiac MR images. Following
this, a novel level set-based shape prior method was applied to generate the LV epicardial contours
and the RV boundary.
Results: This automatic image segmentation approach has been applied to studies on 17 subjects.
The results demonstrated that the proposed method was efficient compared to manual segmentation,
achieving a segmentation accuracy with average Dice values of 88.62 � 5.47%, 87.35 � 7.26%, and
82.63 � 6.22% for the LV endocardial, LV epicardial, and RV contours, respectively.
Conclusions: We have presented a method for accurate LV and RV segmentation. Compared
to three existing methods, the proposed method can successfully segment the LV and yield the
highest Dice value. This makes it an option for clinical assessment of the volume, size, and
thickness of the ventricles. © 2018 American Association of Physicists in Medicine [https://
doi.org/10.1002/mp.13245]
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1. INTRODUCTION

Cardiovascular disease consistently ranks among the leading
causes of morbidity and mortality. In 2008, 17.3 million peo-
ple died due to cardiovascular disease worldwide, accounting
for 30% of total deaths.1 Of these cases, about 7.3 million

were due to coronary heart disease, and 6.2 million were due
to stroke.1

In diagnosing, monitoring, and treating these pathologies
numerous cardiac imaging modalities are available, includ-
ing: magnetic resonance (MR) imaging, computed tomogra-
phy (CT), echocardiography (ECHO), and nuclear
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medicine.2 Time-resolved MRI studies have been proven to
be effective in this setting.3 Conventionally, multislice 2D
cardiac cine MRI is applied with one or two slices per
breath-hold. This requires multiple breath-holds to provide
volumetric coverage of the heart. The cardiac contractility
can be quantified from measurements of ventricle volumes,
ejection fraction, and wall thickening. Left ventricular
myocardial mass can also be quantified. These quantifica-
tion methods require segmenting the left ventricle (LV) and
the right ventricle (RV) on the cardiac MR cine images.
Compared to 2D imaging, 3D imaging provides an increase
in the signal-to-noise ratio (SNR), contiguous volumetric
coverage, and thinner slices, and allows for more accurate
measurement of cardiac volumes and function, reduced
coregistration errors, and more flexible postprocessing.
Free-breathing cardiac MRI techniques improve patients’
comfort during the scan and enable image acquisition that is
not constrained by the length of the breath-hold permitting
more advantageous MRI parameter settings. Free-breathing
4D (3D + t) cardiac imaging has been demonstrated to be
promising for evaluating cardiac function.4–8

However, the slice-wise manual delineation of the LV and
RV from 3D cardiac cine MR images is time-consuming,
tedious, and since even a skilled cardiologist or radiologist
requires more than 30 min to process one study, is prone to
fatigue errors.9,10 Development of an efficient, computer-
aided method for cardiac segmentation is highly desirable for
replacing the subjective manual contouring conducted by
radiologists. That capability would provide post-processing
that is more time-efficient, and not subject to tedium and con-
sequent error, and could also provide more accurate delin-
eation of the boundary of cardiac structures.

1.A. Previous studies

A number of segmentation approaches have been devel-
oped for the delineation of cardiac contours on cine MR
images, including thresholding, clustering,11 the active con-
tour model,12–14 the active shape model,15,16 the active
appearance model,17,18 sparse shape composition,19,20 the
atlas or registration-based model17,21,22, and the deep
learning-based segmentation.23–25 Most of these methods
use priors and need a set of training shapes, patterns of
variation in shapes, and spatial relationships of structures.
The active shape model applies principal component anal-
ysis to a set of training shapes in order to extract a certain
number of modes that represent shape variations. In the
study of Andreopoulos,18 a generalized active appearance
model was proposed that combined both shape and
appearance variations into a unified model for the segmen-
tation of cardiac images. The sparse shape representation
was proposed to approximate the shape of a target image
using a sparse linear combination of other shape instances,
which had been previously annotated. For the atlas-based
methods,10 the labeled atlas is registered to the target
image and then the resultant transformation is applied to
the atlas to obtain the final segmentation.

The methods mentioned above that use priors can, in many
cases, achieve good performance. However, their robustness
is limited because of the dependence on the training data. To
date, most segmentation methods have been proposed and
tested for evaluation of 2D cardiac cine MR images, while
there has been relatively little work (i.e., Lin et al.27 and
Zhang et al.19) that was proposed for 3D cardiac cine MR
images. However, Lin et al. only detected the LV center and
RV insertion points, not the LV and RV contours. Zhang et al.
used a landmark-based method to segment the LV and RV,
which may be sensitive to the landmark template. In this
study, we developed a segmentation method that has been
applied to data from a highly accelerated 4D (3D + t) cardiac
cine MRI approach developed by our team,28 that achieves
whole heart coverage in a scan time of � 2.5 min during
free-breathing. This study investigated a segmentation
method without use of training data for achieving cardiac
functional measurements based on 4D cardiac MRI data
acquired in a short scan time, an advance that we believe
could be helpful in clinical practice.

1.B. Contributions

We propose to segment the heart by delineating both the
endocardial and the epicardial borders of the LV chamber and
the contour of the RV chamber. The latter is usually too thin
to differentiate the endocardial and epicardial borders. We
first segmented the LV endocardium using the Hough trans-
from29 and the local Gaussian distribution method (LGD);30

once the endocardium was segmented, we segmented the LV
epicardial and RV contours using the proposed level set-
based shape prior method (LSSPM). This method included
an elliptically refined term and a similarity term in a narrow
band level set model. In this study, the segmentation accuracy
was assessed using manual segmentation as the ground-truth.
The segmented geometries can be used in biomechanical
simulation.31–35 Cardiac functional measurements, including
chamber volumes, stroke volume, ejection fraction, cardiac
output, and myocardial wall thickness, were calculated based
on the generated segmentations.

2. METHODOLOGY

2.A. Image preprocessing

We applied fully automatic preprocessing including crop-
ping the volume to the region of interest, denoising, and con-
trast enhancement to improve the segmentation efficiency
and reliability.36

Based on the 3D cardiac cine images, a cropped field of
view (FOV), centered on and including the heart, was first
established before segmentation, as follows. In cardiac cine
images, the majority of signal changes through the cardiac
cycle are within the region surrounding the heart. A series of
gradient images between adjacent time frames were calcu-
lated to detect signal changes. A maximum intensity projec-
tion through the time (MIPt) was applied to those gradient
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images. This produced images that have high intensities in the
region of the heart. The calculated center of mass on the so-
called MIPt images was then identified as the center of the
heart (marked as a green star in Fig. 1), and was chosen as the
center of the region of interest (ROI or cropped FOV) for seg-
mentation (see Fig. 1). With an assumption for the size of the
heart (� 8 9 10 9 12 cm3) and with the known image spatial
resolution (1.3 9 1.8 9 4 mm), an ROI of � 10 9 10 cm2

was chosen, with the center selected as described above. In this
present study, linear image enhancement37 was used to increase
the contrast of the images in the cropped FOV.

2.B. Initial contour using the Hough transform

The LV endocardial contour has a high contrast between
the blood pool and the myocardium and is generally circular
on the cardiac cine images acquired in the short-axis view.
This allows us to apply the Hough transform to derive an ini-
tial circular contour for the LV endocardium. Automatic
detection of the maximum voted circle of accumulator from
the Hough transform was performed to find the center and
radius of the circle. The only parameter in the Hough trans-
form is the radius38 which is unknown. In this study, an initial
radius for the Hough transform was estimated within a range
of [1/8, 1/2] 9 length of FOV. We first performed this pro-
cess on a cropped FOV of the middle slice of the LV for the
first-time frame (Fig. 1), following that the detected initial
contour was used in the subsequent steps to segment the LV.

We enlarged (double the size) the initial contour of the LV
to cover the RV. Although the shape of the RV is not circular,
by applying the LSSPM algorithm and Boolean operation,
the initial circular contour then deforms to fit the RV cham-
ber (more details can be found in D. RV segmentation
scheme). Similar to the LV segmentation, we started on a
middle slice and propagated to the other slices sequentially.

2.C. LV segmentation scheme

The proposed LV segmentation methodology applies the
Hough transform29 and LGD to segment the LV endocardial
region from the 4D (3D + t) cardiac MR images, and then
segments the epicardial boundary. The epicardial region is a
diffuse object with low contrast relative to neighboring tis-
sues, as opposed to the endocardial contour which separates
high signal intensity blood from low signal intensity myo-
cardium. It is therefore more difficult to delineate the

epicardial contour with the same methods that work for seg-
menting endocardial contours. Similar to our previous work
on segmenting the outer wall of the abdominal aortic aneur-
ysms,39 we here propose to replace the signal intensities of
the voxels within the LV chamber with the mean value of a
one voxel-thick layer outside the LV chamber (see Fig. 2).
This yields a more efficient and reliable delineation of the
epicardial border using LSSPM and the dilated LV chamber
as an initial contour.

2.D. RV segmentation scheme

The active contour methods have been used on RV seg-
mentation from the 2D/3D MR images.40,41 However, seg-
mentation of the RV from 4D MR images is more
challenging because of thinner imaging slice thickness and
lower contrast between the myocardium and blood. Consider-
ing that the intensity of the LV and RV is similar and different
from the surrounding tissue, we propose to segment the entire
ventricular wall (LV + RV lateral wall) using LSSPM, and
then to extract the RV by using Boolean operation on the
entire ventricular contour and the LV contour obtained from
the previous segmentation step. The RV segmentation
scheme is shown in Fig. 2 and more details are described in
the following sections.

2.E. LGD segmentation

The Local Gaussian distribution model is an implicit
active contour method based on the local intensity distribu-
tion.30 We assume the image domain can be partitioned into
two regions inside and outside the zero level set, which are
marked as i = 1 and i = 2, respectively. The energy formula-
tion for LGD segmentation can be written as follows:

ELGD ¼ �
Z

xðx� yÞlogP1;xðIðyÞÞHð/ðyÞÞdy�
Z

xðx
� yÞlogP2;xðIðyÞÞð1� Hð/ðyÞÞÞdy;

(1)

where I is the image to be processed, / is the distance
function, H is the Heaviside function, Pi,x(I(y)) is the prob-
ability density, x is a non-negative weighting function,
chosen as a truncated Gaussian Kernel, and x denotes a
point in the image and y represents a point within a circu-
lar neighborhood around x with a small radius q. To
model the probability densities, we assume the mean and

FIG. 1. Diagram of the image preprocessing, including generated MIPt image, cropped images from 4D MR images, the initial LV and RV contours using the
Hough transform. [Color figure can be viewed at wileyonlinelibrary.com]
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variance of the local Gaussian distribution are spatially
varying parameters:

Pi;xðIðyÞÞ ¼ 1ffiffiffiffiffiffi
2p

p
riðxÞ

exp �ðuiðxÞ � IðyÞÞ2
2ðriðxÞÞ2

 !
; (2)

where ui(x) and ri(x) are local intensity means and standard
deviations, respectively. The formulas of ui(x) and ri(x)

2 were
presented in several publications:30,42,43

uiðxÞ ¼
R
xðy� xÞIðyÞMið/ðyÞÞdyR
xðy� xÞMið/ðyÞÞdy (3)

riðxÞ2 ¼
R
xðy� xÞðuiðxÞ � IðyÞÞ2Mið/ðyÞÞdyR

xðy� xÞMið/ðyÞÞdy (4)

where M1(/(y)) = H(/(y)) and M2(/(y)) = 1�H(/(y)). Min-
imization of the energy function can be achieved by solv-
ing the following gradient descent flow equation:

@/
@t

¼ dð/Þðe1 � e2Þ þ mdð/Þdiv r/
jr/j
� �

þ l

�
r2/� div

� r/
jr/j

�� (5)

where d(/) is the Dirac function, m and l are positive regular-
ization parameters, e1 � e2 denotes the image-based term
that is independent of the scale of local intensities caused by
intensity inhomogeneity:

e1ðxÞ ¼ @xðy� xÞ logðr1ðyÞÞ þ ðu1ðyÞ � IðxÞÞ2
2r1ðyÞ2

" #
dy;

(6)

e2ðxÞ ¼ @xðy� xÞ logðr2ðyÞÞ þ ðu2ðyÞ � IðxÞÞ2
2r2ðyÞ2

" #
dy:

(7)

According to Wang and Li,30,44 the kernel x in Eq. (1) is
truncated as a (2q + 1) 9 (2q + 1) mask, where q is no less
than 2r. We used r = 3, q = 6, time step dt = 0.1, l = 1.0,
and m = 0.0001 9 255 9 255 for all cases in our LGD
segmentation.30

2.F. LSSPM segmentation

Given the assumption that the healthy epicardial region is
bounded by an elliptical-liked contour, we added an ellipse
term and a similarity term to the narrow band level set

method to refine the segmentation. We adopt the following
expression for the proposed LSSPM segmentation energy for-
mulation form:

E ¼ Elevel set þ aEellipse þ bEsimilarity; (8)

where Elevel set represents the level set term, Eellipse embeds
the ellipse-like shape prior, and Esimilarity represents the simi-
larity term. a and b are the positive hyperparameters that bal-
ance the influence of the two terms.

In LSSPM segmentation, the weight a and b are the
parameters for balancing three terms. When a and b is
low, for example, in the extreme case a = 0 and b = 0,
this amounts to using the traditional narrow band seg-
mentation; when a is high, the segmentation contour will
be closer to an ellipse; in the extreme case a = +∞, pre-
dominant weighting is given to the ellipsoid shape; for
intermediate a values (� 1), local variations of the final
contour are closer to those of actual contours. In all the
experiments presented herein, a and b were set at 0.5
and 0.2, which has been observed to provide contours
that follow the actual ones.

As Alessandrini45 pointed out, Elevelset could be any of the
data attachment terms, and we adopt the narrow band active
contour as the data attachment term. The minimization of
Elevelset with respect to / leads to the following level set
equation:

@/
@t

¼ f ðxÞdð/ðxÞÞ (9)

where f(x) is given by the following equation:

f ðxÞ ¼
Z
X
Bðx; yÞdð/ðyÞÞ½ðIðyÞ � uxÞ2 � ðIðyÞ � vxÞ2�dy

(10)

Bðx; yÞ ¼ 1 if y 2 NðxÞ
0 otherwise

�
(11)

where y is a spatial variable in a user-defined neighborhood
N(x) at point x. The quantities ux and vx correspond to the
average intensity values measured inside and outside the
region N(x), respectively. The annular shape constraint on
the level set framework is developed by minimizing the fol-
lowing energy criterion:

Eshapeð/; kÞ ¼
Z
X
ð/ðXÞ � /eðX; kÞÞ2dð/ðXÞÞdX (12)

/eðX; kÞ ¼
FðX; kÞ

j 5 FðX; kÞj (13)

FðX; kÞ ¼ k1X
2 þ k2Xyþ k3y

2 þ k4X þ k5y
þ k6 with k2\4k1k3 (14)

where /e(x) represents the Sampson distance of a point x from
the annular shape determined by the parameter k,45 and F
(x, k) corresponds to the algebraic distance of a point
x = (x1, x2) to an ellipse that is calculated with the standard
quadratic equation for conic sections. The following equations

FIG. 2. Schematic diagram of RV segmentation: the LSSPM was used to
separate the entire ventricular wall from the surrounding tissues, and the
Boolean opearation was used to separate the RV and LV region. [Color figure
can be viewed at wileyonlinelibrary.com]
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are derived by obtaining the minimization of energy function
defined in Eq.(10), subject to finding the zero level set:

@/
@t

¼ gðX; kÞdð/ðXÞÞ (15)

gðX; kÞ ¼ �2ð/ðXÞ � /eðX; kÞÞ: (16)

Esimilarity represents the shape term which is incorporated in
the energy functional measuring the non-overlapping areas
between the initial prior shape and the evolving shape. /i(x)
and /(x) denote the distance function of the prior shape and
the evolving level set shape representation. This energy func-
tion can be expressed as

Esimilarity ¼
Z

ð/ðxÞ � /iðxÞÞ2Hð/ðxÞÞdx; (17)

where H is the Heaviside function.

2.G. Cardiac functional measurements

In this study, we applied the proposed segmentation
method to obtain the cardiac measurements that are of clini-
cal importance, including ventricular chamber volumes,
stroke volume, ejection fraction, cardiac output, and left ven-
tricular myocardial wall thickness measurements.

Left ventricular end-diastolic and end-systolic volumes
(LVEDV and LVESV) are measurements of the amount of
blood in the chamber, encompassed by the myocardial tissue,
left ventricular stroke volume (LVSV) is the amount of blood
ejected from the heart during each contraction (LVSV =
LVEDV � LVESV). Left ventricular ejection fraction
(LVEF) is a ratio of the blood pumped out of the heart in each
beat (LVEF = LVSV/LVEDV), and cardiac output (LVCO)
is the amount of blood pumped by the heart per minute
(LVCO = LVSV 9 heart rate).

Left ventricular wall thickness (LVWT) is the thickness of
the myocardium and is typically measured on end-diastolic
images in the sagittal view. The American Heart Association
(AHA) 17-segment model is used to analyze wall thickness,
and can be used to relate abnormalities to disease of the relevant
coronary arteries.46 Advances in 3D cine MRI technology
allow us to provide more information than the traditional AHA
17-segment model. For each image slice, two contours were
extracted, representing the inner and outer myocardial surfaces.
Thicknesses were calculated at 360 locations (per degree) per
image slicewhere rays radiating from the center of the myocar-
dium intersected those contours. Thickness measurements
were obtained at both end-systole and end-diastole to determine
themyocardial thickening during the cardiac cycle.

3. EXPERIMENTS AND RESULTS

The segmentation experiments were performed on an OS
X system with an Intel Core i7 CPU and 8 GB RAM using
MATLAB�-based software developed in-house. Manual
segmentation of the LV and RV, was performed indepen-
dently by three trained experts (9, 6, and 4 yr of experience

in medical imaging, respectively) using MeVisLab software
(http://www.mevislab.de/).

3.A. MRI data acquisition

This study was approved by the Institutional Review
Board at UCSF. Written informed consent was obtained from
all subjects after study procedures were fully explained. Data
were acquired from 17 subjects (eight females, nine males,
age 37.6 � 15.1 yr and heart rate = 64.3 � 8.8 bpm) on a
3.0T MR scanner (GE Medical Systems, Milwaukee, WI)
with an eight-channel cardiac coil. The acquisition parame-
ters for 3D imaging were: FOV = 34.0 9 25.5 cm2, slice
thickness = 4.0–5.0 mm, image matrix = 256 9 144, and
number of slices = 30–32, TR/TE = 4.1/1.7 ms, flip
angle = 60∘, bandwidth = � 125 kHz, temporal resolu-
tion = 40 ms, and scan time = 2.5 � 0.3 min.28

3.B. Manual Segmentation

Manual segmentation was used as the ground-truth to
evaluate the automatic segmentation,47–49 where the Dice
value is commonly used for measuring the overlap between
manual and automatic segmentation. A MevisLab-based tool
was implemented to help our readers draw the manual con-
tours. The manual segmentation contours for end-diastolic
and end-systolic slices of all subjects were performed in a
blinded manner: all three readers were blinded to the auto-
mated segmentation results. An element was labeled as one if
more than two out of the three readers assigned it as a
ground-truth element. In this study, one reader drew manual
contours two times in three cases and the intraobserver
variability was 4.54 � 1.3%.

3.C. Evaluation criteria

The results were evaluated by comparing the proposed
segmentation with the ground-truth using the “Dice coeffi-
cient," which is defined as the ratio of the intersection of RA

and RM to their sum50

Dice% ¼ 2 RA \ RMj j
RAj j þ RMj j � 100%; (18)

where RA is the proposed segmentation result and RM is the
ground-truth from manual segmentation in our study, and | |
denotes the number of pixels in the corresponding volume.
The greater the Dice coefficient is, the better the match of
segmentation results between two methods (1 indicates per-
fect overlap, and 0 means no overlap). Moreover, the coeffi-
cient of variation (CV) was calculated, as a statistical
measure of the precision of segmentation,

CV ¼ d
l
� 100%; (19)

where d represents the standard deviation and l is the average
Dice value. The volume difference ϒ was also measured, and
is defined as follows
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! ¼ jVA � VM j
1
2 ðVA þ VMÞ

� 100%; (20)

where VA is the volume of the proposed segmentation result
and VM is the volume of the ground-truth.

3.D. Results

A simulated dynamic cardiac acquisition was used to eval-
uate the results on both LV and RV segmentation. MRXCAT
cine phantom51 was segmented by the proposed method. A
total of 24 phases throughout the entire cardiac cycle were
generated for segmentation. Two SNRs (signal-to-noise
ratios) (50 and 25, blood signal vs background noise) were

tested. Figures 3(a) and 3(b) show the segmentation results at
the end-diastolic and end-systolic phases. The contours
obtained from LSSPM match well with the phantom image
boundaries (the ground truth), with high Dice coefficients of
98.72 � 1.75% for LV endocardium, 97.12 � 2.12% for LV
epicardium and 98.96 � 0.52% for RV, based on SNR of 50,
and with 97.63 � 1.51%, 96.13 � 0.89%, and 96.73 �
1.28% accordingly, based on much lower SNR of 25.

We applied the above-illustrated segmentation algorithm
(as shown in Figs. 1, 2, 4) to 17 cases (each has about 20 time
points and 15–20 processed slices, resulting in a total of over
5000 slices). LV endocardial, epicardial and RV contours
were successfully segmented using the proposed method and
were similar to those defined by manual delineation, as illus-
trated in Fig. 5. The quantitative comparisons between the

FIG. 3. Segmentation of LV endocardium (green), LV epicardium (red), and RV (blue) on numerical phantom images using LSSPM, at end-diastole (a, c) and
end-systole (b, d). Two SNRs were tested (a, b: 50; c, d: 25). [Color figure can be viewed at wileyonlinelibrary.com]

FIG. 4. Schematic diagram of LV segmentation: LGD was used to obtain LV endocardium, and the LSSPM was used to get the LV epicardium. [Color figure
can be viewed at wileyonlinelibrary.com]

FIG. 5. LV and RV segmentation. Green contours were generated by the proposed method, and red contours were obtained with manual segmentation. [Color
figure can be viewed at wileyonlinelibrary.com]
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manual segmentations and the proposed automatic segmenta-
tion are shown in Table I. The average Dice and CV values
reached 88.62 � 5.47%, 87.35 � 7.26%, and 82.63 �

6.22%, respectively, which demonstrates that a good and
stable segmentation has been achieved with the proposed
method on those 17 cases (Table I). An experienced clinician
takes of the order of 1 min to segment one slice, while the
algorithm can achieve similar contours in less than 30 s (on a
2.2 GHz Intel laptop with 8 GB RAM).

Although the manual segmentation has been used as
the reference for evaluating the proposed segmentation
algorithm, we also applied three previously developed
segmentation algorithms for comparison. Those methods
have previously been used for LV segmentation, and
include a combined CNN and level set method
(CNN + LS),24 a LGD method, and a FCN-based deep
learning method (FCNM).26 In the deep learning
approach, the consensus manual segmentation results
were used as the ground truth to train the datasets. The
method was performed on 17 cases (80% of the slices
were for training datasets while 20% were used for test-
ing). Cross-validation was performed by taking 10 of
the cases, training on 80% of the slices and testing on
20%. As summarized in Table II, compared to the man-
ual segmentation, the proposed method achieved similar
results on both the endocadium and epicardium, while

TABLE I. Quantitative comparison between different manual segmentation
and the proposed segmentation method

Dice � CV(%) value LV endocardium LVepicardium RV

Reader 1 98.26 � 1.92 97.23 � 2.56 95.66 � 2.35

Reader 2 98.37 � 1.78 97.47 � 2.21 97.78 � 2.30

Reader 3 97.64 � 2.51 97.22 � 2.70 95.31 � 3.17

Proposed method 88.62 � 5.47 87.35 � 7.26 82.63 � 6.22

TABLE II. Quantitative comparison between different segmentation methods
and the manual segmentation

Dice value LV endocardium LVepicardium

CNN + LS 84.62 83.21

LGD 88.62 76.87

FCNM 60.04 71.76

Proposed 88.62 87.35

FIG. 6. Bland–Altman and linear regression plots of the measurements of LV endocardial and epicardial volumes obtained with manual and proposed segmenta-
tion methods on 17 cases at two cardiac phases (end-diastole and end-systole). [Color figure can be viewed at wileyonlinelibrary.com]
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the LGD did not locate the epicardium and FCNM had
obvious errors for both endocardial and epicardial seg-
mentation, which may be due to the low number of
training datasets. The CNN + LS method performed
well with Dice coefficients of 84.62% and 83.21% for
endocardial and epicardial contours, respectively. Over-
all, the proposed method achieved the highest Dice
value.

The Bland–Altman52 and the linear regression plots of the
volume measurements were performed to evaluate the agree-
ment and difference between the two segmentation results.
The correlation coefficients, linear fitting slope and offsets,
mean bias, and confidence intervals (�1.96 9 SD) were cal-
culated and are reported in Fig. 6. As shown, the P-values
were greater than the significance level of 0.05, thus the dif-
ferences in the measurements between the two methods are
not significant.

Table III summarizes the cardiac measurements of
LVEDV, LVESV, LVSV, LVEF, and LVCO for all subjects.

Left ventricular wall thickness and LV wall thickening
can be calculated based on the segmentation results
(Table III). Figures 7(a) and 7(b) show the wall thickness
measurements from a representative case, which provides
wall thickness at 360 locations (per degree) at each slice
at end-diastole and end-systole, respectively. Figure 7(c) is
the plot of the wall thickening (changes in thickness)
between those two cardiac phases. The quantitative mea-
surements of wall thickness are shown in Table IV. The
errors of the thickness between manual and LSSPM seg-
mentations are 4.63% and 6.25% for images at end-dia-
stole and end-systole, respectively.

4. DISCUSSION

In order to calculate cardiac structural and functional
indices, delineation of the boundaries of the heart chambers
is essential. In this study, we proposed an active contour-
based segmentation method to assess geometric characteris-
tics of the heart including the LV and RV from 3D cardiac
cine MR images. The main difficulty in segmentation is
excluding tissues that surround the LV epicardial border from
the myocardium. The proposed LSSPM was developed to
solve this problem. The obtained measurements of LV endo-
cardial, epicardial, and RV contours demonstrate that the pro-
posed segmentation method was comparable to those with
manual segmentation. Manually contouring an entire volume
(15–20 slices) would involve 20 min of active operator
engagement. The computation time for automatic segmenta-
tion was about 30 s per slice (both the LV and RV segmenta-
tion), although more powerful computing, such as using high
performance servers, graphics processing unit (GPU) or par-
allel computing, could greatly shorten the processing time.

The proposed method provided higher accuracy than three
previously proposed methods, including two learning-based
methods. The deep learning methods have addressed the seg-
mentation issue by estimating a more complex shape using an
annotated training set. However, it requires the training set to
be large and rich. The active contour-based segmentation
uses constraints for image segmentation, which are usually
based on image intensity and shape that use a small number
or no annotated training sets. However, several parameters
need to be provided, which may influence the segmentation
results. The learning-based methods are trained to learn the

TABLE III. Quantitative measurements of wall thickness

EDWT (mm) ESVT (mm) Change in thinkness (mm)

Thickness 10.56 � 1.87 13.52 � 2.31 2.96 � 1.33

Error (%) 4.63 6.25 7.86

EDWT, end-diastolic wall thickness; ESWT, end-systolic wall thickness.

FIG. 7. Wall thickness measurements at end-diastole (a) and end-systole (b), and the changes between the two phases (c). [Color figure can be viewed at wileyon
linelibrary.com]

TABLE IV. Cardiac functional measurements

Case
LVESV
(ml)

LVEDV
(ml)

LVSV
(ml)

LVEF
(%)

LVCO (L/
min)

Average 50.55 111.72 61.16 54.14 3.92

Error
(%)

4.37 7.21 8.58 3.05 8.58
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parameters, which is an advantage compared to the proposed
method.

For the learning-based approach, the low Dice value may
be due to the small number of datasets. We used a pretrained
model (online datasets from MICCAI LV segmentation chal-
lenge) as the preprocessing for the FCNM. The results give
slightly better Dice values of 65.36% and 73.24%. The
images from the MICCAI datasets are 2D cine images, which
do have differences (such as contrast, slice thickness, tempo-
ral resolution and so on) compared to our 4D datasets. To
achieve better results with the FCNM, more 4D datasets are
desired.

As reported in previous studies, the individual reader
errors were 3–7 % for LV segmentation53 and 5–11% for RV
segmentation.54,55 In this study, our readers have followed a
great consensus on segmentation and achieved relatively
small individual errors of 3–5% on LV and RV segmentation
(Table I). The proposed segmentation results have an error of
� 12% (Table I) off from the Dice coefficient with the three-
reader consensus, which needs to be further improved such
as by combining the LSSPM and learning-based method. The
clinical parameters (such as LVESV, LVEDV, LVEF) calcu-
lated based on the segmentations actually have smaller errors
of 3–7%, which would be acceptable in the clinic (errors
reported in range of 3.9–10.2%.56

Our current method still has some limitations. Firstly, the
heart moves along the longitudinal axis during the cardiac
cycle, so that the number of slices that cover the heart could
vary in different cardiac phases and have been manually
determined for calculating the ventricular volumes. In the
future, we plan to improve the current method by adding seg-
mentation in the longitudinal direction to automatically
obtain the LV and RV contours, which could help with deter-
mining the slices for volume measurements. Secondly, in this
study, we chose 15–20 slices that covered the entire ventricles
from the apex to the base (with closed region of LV), under
the guidance of the radiologists. This is a limitation that our
current algorithm does not provide automatic detection of the
cut off slices (i.e., the slices containing the outflow tract).
Third, our segmentation is fully automated using a circular
initial contour. In future, an initial contour obtained using
fully automated deep learning methods may further improve
the accuracy.

5. CONCLUSIONS

Automatic segmentation on the LV and RV throughout the
cardiac cycle remains a challenge for cardiac cine MRI espe-
cially due to the low contrast in the epicardial region. We
have proposed an active contour-based method to efficiently
delineate the LV and RV contours throughout the entire car-
diac cycle from 4D imaging of the heart in 17 subjects (15
volunteers and 2 patients). Our results have demonstrated
high accuracy in segmenting both the LV (endocardial as well
as epicardial) and RV. Qualitative and quantitative agreement
is favorable compared to the manual segmentations (Table IV
and Table S-1).
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