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Abstract

Cardiac magnetic resonance image (MRI) has been widely
used in diagnosis of cardiovascular diseases because of its
noninvasive nature and high image quality. The evaluation
standard of physiological indexes in cardiac diagnosis is
essentially the accuracy of segmentation of left ventricle
(LV) and right ventricle (RV) in cardiac MRI. In this pa-
per, we propose a novel Nested Capsule Dense Network
(NCDN) structure based on the FC-DenseNet model and cap-
sule convolution-capsule deconvolution. Different from the
traditional symmetric single codec network structure such as
U-net, NCDN uses multiple codecs instead of a single codec
to achieve multi-resolution, which makes it possible to save
more spatial information and improve the robustness of the
model. The proposed model is tested on three datasets that in-
cludes York University Cardiac MRI dataset, Automated Car-
diac Diagnosis Challenge (ACDC-2017), and local dataset.
The results show that the proposed NCDN outperforms the
state-of-the-art methods.

1.Introduction

Cardiovascular disease is one of the most fatal diseases in
the world. According to statistics from the World Health
Organization in 2016 [27], about 17.9 million people died
of cardiovascular disease, accounting for 31% of the global
total deaths. It is predicted that by the year 2030, a popu-
lation of 23.3 million will be killed by cardiovascular dis-
eases (CVDs) all over the world [3, 29]. In recent years, re-
searchers have invested a lot of effort in the research of car-
diovascular diseases to find out effective methods to reduce
morbidity and mortality. The research of differential privacy
such as [1] avoids the privacy problems caused by dataset
disclosure. With the wide application of modern medical
technology, i.e., magnetic resonance imaging (MRI), it helps
to make a noninvasive qualitative and quantitative evaluation
of cardiac anatomical structure and function.

Although the regression method such as [55, 14, 48] has
been employed to predict the ventricular functional indice,
the most popular way to estimate the functional indice is
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based on segmentation, i.e., segmentation of the ventricles
first and then calculating the indice. Calculation of related
indices depends upon accurate manual delineation of en-
docardial and epicardial contours of the left ventricle (LV)
and right ventricle (RV) [47]. The continuous optimization
of models and segmentation methods has made great con-
tributions to the improvement of accuracy [50, 54]. Man-
ual delineation is a time-consuming and tedious task that
is also prone to high intra- and inter-observer variability
[35, 30, 46, 45]. Therefore it would be very helpful to find a
fast, high accuracy, reusable, automatic segmentation.

Before the rise of deep learning, some methods, such as
threshold-based segmentation [42, 6], edge detection-based
segmentation [23, 7], and genetic algorithm-based segmen-
tation [37] can no longer be compared with segmentation
methods based on deep learning in effect.

Although the segmentation of cardiac MRI based on deep
learning has made great progress in the past decades, there
are still many problems to be solved. So far, a model has
not been found that is generally applicable to cardiac MRI
segmentation tasks in various scenarios. The existing heart
datasets have the problems of a small amount of data and in-
sufficient data distribution so that the trained model does not
respond well to the real-world situation, resulting in insuffi-
cient generalization ability. It has become the goal of many
researchers to construct a model with fast learning speed and
strong generalization ability on a limited data set.

In this paper, we firstly propose a nested neural net-
work architecture named Nested Capsule Dense Network
(NCDN), which combines the FC-DenseNet model [24] and
capsule convolution-capsule deconvolution [26]. The Cap-
sule Dense Block (CDB) is an important component mod-
ule, which consist of a dense connection of multiple Cap-
sule Convolution Units (CCU). Each CCU contains two cap-
sule convolution layers and a capsule deconvolution layer.
Because the introduction of the capsule model [41] elim-
inates the traditional pooling layer for image size scaling
and can retain more information for further semantic con-
firmation, the convolution capsule-deconvolution capsule is
used to replace the convolution-deconvolution to implement
CCU. The correctness of this choice was also proved by sub-
sequent experiments. The nested capsule dense architecture
intuitively decomposes a single codec structure into multi-



ple sub-codec structures and uses the dense structure to bet-
ter integrate feature information. Each step of feature ex-
traction and reconstruction in CDB is accompanied by the
abstraction and materialization of features by the network.
Through multiple encoding and decoding, the invalid in-
formation contained in the feature map is filtered layer by
layer so that the network can learn more general features of
things to improve its generalization ability. This nested net-
work structure is our attempt to improve the FC-DenseNet
model, which must be a trade-off between the accuracy of
local marking and the determination of semantics. Further-
more, we replace the “concat” operation in the FC-DenseNet
model with an “add” operation to reduce the parameters of
the model. The verification effect on the test sets proves that
our NCDN has better performance and stronger robustness
than the current state-of-the-art models.

In summary, the major contributions of our work are two
folds that can be summarized as follows:

We firstly propose a nested capsule dense network called
NCDN to decompose a single codec into multiple codecs.
This structure allows more posture and other information to
be retained and the noise in the sample is easier to filter in
the early stage of feature learning. We have modified the FC-
Densenet model, in which the “concat” operation is replaced
with an “add” operation to greatly reduce the parameters of
the model.

The proposed NCDN model is used to complete the seg-
mentation task of cardiac MRI. The bi-ventricular segmenta-
tion and cardiac function diagnosis tasks in the ACDC 2017
dataset have shown good results.

2.Related Work

Inspired by the FC-Densenet model [24] and the SegCaps
model [26], our model was proposed for the semantic seg-
mentation task of cardiac MRI.

Ronneberger et al. (2015) proposed a multi-scale U-net
model suitable for medical super-large image segmentation
[40]. This structure contains a contraction path for capturing
semantics and a symmetric expansion path for precise posi-
tioning. It only needs a small amount of data to train. It has
very fast training speed and good performance. However, in
the process of feature extraction, the network must balance
the accuracy of local marking and the determination of se-
mantics. Huang et al. (2017) [20] proposed a densely con-
nected network structure. The input of each layer of the net-
work is the union of the outputs of all previous layers. The
feature maps learned by this layer is directly passed to all
subsequent layers as input, which alleviates the gradient dis-
appearance or explosion caused by the transmission of input
information and gradient information among multiple lay-
ers, and promotes the formation of deeper networks. Shen et
al.(2020) [43] proposed a new segmentation approach based
on pure dilated residual U-Net. The dilated convolution is
completely employed to increase the receptive field. In this
way, the advantages of dilated convolution are fully utilized.
FC-Densenet [24] applied Densenet to semantic segmenta-
tion of images because of its excellent results in classifica-
tion tasks. In addition to adding Transition down (TD) for

Figure 1: The illustration shows the NCDN architecture used
for ACDC segmentation tasks, the output image consists of
four feature maps that represent background, RV, MYO, and
LV, respectively.

feature dimensionality reduction and Transition up (TU) for
upsampling, the original dense block has also been modified
to avoid linear growth in the number of feature maps and
achieve the effect of reducing memory consumption. The
specific method is: the output of the last layer in the dense
block is not concatenated to its input, but is concatenated to
the feature map with the number of channels k obtained by
the 3×3 convolution of the previous layers. In order to alle-
viate the problem of dense block feature loss, the network
introduces skip connection. FC-Densenet has fewer param-
eters and no pre-training while ensuring sufficient depth.
However, it is difficult to train to converge, and not sensi-
tive to the perception of complex textures. These problems
have been proved in our subsequent experiments.

Sabour et al. (2017) [41] proposed a capsule network
(CapNet) with dynamic routing to use the reconstruction of
output capsule instead of maximum pooling. The vector out-
put of CapNet is better than the scalar output of Convolu-
tional Neural Networks (CNN) to discover and save the po-



Figure 2: Capsule dense Block (CDB) architecture. Our CDB includes a dense capsule connection layer at the front and a
regression layer at the rear. The dense capsule connection layer is composed of three Capsule Convolution Units (CCU) densely
connected. The regression layer is a convolutional layer and its purpose is to convolve the feature map (Fd,4) formed by the
dense connection into the shape of the CDB input (Fd,1).

.

sition and posture information of objects in the image (such
as spatial angle magnitude order, etc.). However, although
CapNet has obtained good results in digital recognition and
small image recognition, it has the problem of large parame-
ters when performing large-scale image segmentation tasks
or deep network construction, while images in the medical
field are mostly large-size images. Therefore, the original
CapNet is not suitable for image segmentation tasks in the
medical field. LaLonde and Bagci (2018) [26] modified the
capsule network and applied it to the image segmentation
task for the first time. They improved the dynamic rout-
ing algorithm to reduce the parameters. The dynamic rout-
ing in the traditional capsule network is equivalent to the
full connection mapping between capsules, which makes the
amount of parameters huge. The author uses window control
and the same type of capsule sharing weight method to re-
duce the parameters. In addition to changing the dynamic
routing algorithm to increase the size of the accepted input
picture, a novel capsule convolution-capsule deconvolution
network architecture called SegCaps is proposed to perform
image segmentation tasks.

In the past few years, the segmentation of bi-ventricle MR
images has received considerable attention. Many scholars
have proposed various methods to obtain better accuracy
and make the model have stronger generalization ability. The
main model types can be summarized as Convolutional Neu-
ral Networks (CNNs), Fully Convolutional Neural Networks
(FCNs), Recurrent Neural Networks (RNNs), Autoencoders
(AE), and Generative Adversarial Networks (GAN) [10].

The main idea of CNNs for image segmentation is to di-
vide the picture to be segmented into small blocks, and then
train the CNN to predict the class label of the center pixel
of each small block. However, its efficiency is low, because
there are multiple patches in images and each patch needs
to be deployed separately during inference. It is mainly used
for object positioning to estimate the bounding box of the
object of interest in the image. After obtaining the bound-
ing box, it is used to crop the image to form a preprocess-
ing step to reduce the computational cost of segmentation.
For example, Abdeltawab et al. [2] used two FCNs [28] to
complete the selection of the region of the interest (ROI) and
segmentation of instances. Some of the most advanced FCN-
based methods used in biomedicine capture, such as the U-
Net [40], the 3D U-Net [12], and the 3D V-net [31], detailed
context information of images through an encoder-decoder
structure to achieve precise segmentation. RNNs are another
type of neural network and are good at reasoning about se-
quential data, such as MR image sequences. The two most
widely used architectures in the RNN series are LSTM [19]
and Gated Recurrent Unit (GRU) [11], both of which can
model long-term memory. One of the use cases is Poudel et
al. (2016) [36] combining RNN and 2D FCN to capture in-
formation from adjacent slices to improve the consistency of
segmentation results. AE is a neural network that can learn
compact latent representations in data without supervision.
Its typical structure consists of two parts, an encoder net-
work and a decoder network. This kind of network can learn
general semantic features or object shape information, and



guide heart image segmentation [32, 53]. GAN network is
a competitively aware network structure, which is generally
composed of generators and discriminators. In the process of
model training, the generator generates images that attempt
to deceive the discriminator, and the discriminator aims to
identify real images in fake images. In the application of
heart image segmentation, the generator is replaced by the
segmentation network, and the task of the discriminator is to
distinguish the segmentation image from the ground truth.
In this way, a more accurate segmentation map is expected
to be generated [18, 44].

3.Materials and methods

3.1.Network Structure

We will introduce our network in detail. As shown in Fig-
ure 1, the overall architecture of NCDN is taken from FC-
DenseNet, but we replace the dense block with a Capsule
Dense Block (CDB) and make certain improvements to the
connection structure: Define yk as the kth layer. When yk−1

is Transition Down (TD), yk is CDB, and yk+1 is

yk+1 = yk−1+yk (1)

where “+” means that the feature maps produced in layers
k − 1, k are added in the last dimension. This means that
the shape of the k − 1th and kth layers must be consistent.
By fusing the output feature map of the CDB and the in-
put feature map again, the relationship between layers can
be closer, and the whole semantics can not be directly con-
nected in the process of capturing, so as to reduce the omis-
sion of image information. The other parts are similar to the
idea of FC-DenseNet. Convolution is used to extract feature
images, TD reduces the image size to increase the perception
range, and Transition Up (TU) performs image reconstruc-
tion and precise positioning. The detailed structure is shown
in Table 1. We increase its channel number to 32 in the first
convolution operation and do not change it in the subsequent
process until it is finally transformed into the target num-
ber of channels through three convolutions. The purpose of
our design is to avoid excessive parameters. The method we
adopted is that the input and output of the CDB are the same
in shape. If only “concat” is used instead of “add”, the pa-
rameter increases from 5.5M to 330.8M, which is due to the
dense feature of nested structure.

3.2.Capsule Dense Block

Now we present details about our proposed Capsule Dense
Block (CDB) in Figure 2. Our CDB includes a dense cap-
sule connection layer at the front and a regression layer at
the rear. The dense capsule connection layer is composed of
three Capsule Convolution Units (CCU) densely connected.
The regression layer is a convolutional layer and its purpose
is to convolve the feature map (Fd,4) formed by the dense
connection into the shape of the CDB input (Fd,1). Dense
connection: dense connection is realized by passing the state
of preceding CDB to each layer of current CDB. Let Fd,1

and Fd,5 be the input and output of the d-th CDB respec-
tively. The output of d-th CDB can be formulated as

Fd,5 = σ(wd,5[Fd,1, Fd,2, Fd,3, Fd,4]) (2)

Table 1: The architecture of the Nested Capsule Dense Net-
work. Note that each “Conv” layer shown in the table corre-
sponds to the sequence BN-ReLU-Conv.

Layers NCDN Ouput Size

Input size 128×128×1 -

Convolution 3×3 Conv, stride 2 128×128×32

Capsule Dense Block [BN-ReLU-CCU-Dropout] × 3 128×128×32

Add Convlution+Capsule Dense Block 128×128×32

Transition Down BN-ReLU-2×2 max pool, stride 2 64×64×32

Capsule Dense Block [BN-ReLU-CCU-Dropout] × 3 64×64×32

Add Convlution+Capsule Dense Block 64×64×32

Transition Down BN-ReLU-2×2 max pool, stride 2 32×32×32

Capsule Dense Block [BN-ReLU-CCU-Dropout] × 3 32×32×32

Add Convlution+Capsule Dense Block 32×32×32

Transition Down BN-ReLU-2×2 max pool, stride 2 16×16×32

Capsule Dense Block [BN-ReLU-CCU-Dropout] × 3 16×16×32

Transition Up 3×3 deconv, stride 2 32×32×32

Add Deconvlution+Capsule Dense Block 32×32×32

Capsule Dense Block [BN-ReLU-CCU-Dropout] × 3 32×32×32

Transition Up 3×3 deconv, stride 2 64×64×32

Add Deconvlution+Capsule Dense Block 64×64×32

Capsule Dense Block [BN-ReLU-CCU-Dropout] × 3 64×64×32

Transition Up 3×3 deconv, stride 2 128×128×32

Add Deconvlution+Capsule Dense Block 128×128×32

Capsule Dense Block [BN-ReLU-CCU-Dropout] × 3 128×128×32

Convolution 3×3 Conv, stride 2 128×128×16

Convolution 3×3 Conv, stride 2 128×128×8

Convolution 3×3 Conv, stride 2 128×128×4

where σ denotes the ReLU [16] activation function. wd,5 is
the weights of the Fd,5, where the bias term is omitted for
simplicity. [Fd,1, Fd,2, Fd,3, Fd,4] refers to the concatenation
of the feature maps produced by Fd,1, Fd,2, Fd,3, Fd,4. The
outputs of the preceding CDB and each layer have direct
connections to all subsequent layers, which not only pre-
serves the feed-forward nature, but also extracts local dense
feature.

3.3.Capsule Convolution Unit

Figure 3: The architecture of our proposed Capsule Convo-
lution Unit (CCU). The input dimensions in the figure are
length, width, number of capsules, and number of channels,
respectively.

.

The CCU is a constituent element of the CDB. By us-
ing the capsule convolution-capsule deconvolution structure
proposed by LaLonde and Bagci (2018) [26] to achieve
the nested encoding-decoding structure in the CDB. The
structure of a single CCU is as shown in Figure 3 shown.
The specific details are: let the input length, width, num-
ber of capsules, and number of channels be Kh, Kw, Kcap,
Kc. The input [Kh,Kw,Kcap,Kc] first passes through 3
× 3 capsule convolution with routing number 1, which be-
comes [Kh/2,Kw/2,Kcap × 2,Kc]. After passing 3 × 3



capsule convolution with routing number 3, it becomes
[Kh/2,KW /2,Kcap,Kc]. Finally, the shape of the output is
[Kh,Kw,Kcap,Kc] after 3 × 3 capsule deconvolution with
routing number 3.

4.Experiments

4.1.DataSet

In our previous work, a total of three datasets have been used
to evaluate our proposed NCDN model. They are the York
University Cardiac MRI dataset, the Automated Cardiac Di-
agnosis Challenge, and the local dataset.

The York University Cardiac MRI dataset (York):
York is comprised of short-axis cardiac MR image se-
quences acquired from 33 subjects, for a total of 7980 2D
images which were provided by the Department of Diag-
nostic Imaging of the Hospital for Sick Children in Toronto,
Canada [4]. Most of the subjects displayed a variety of heart
abnormalities such as cardiomyopathy, aortic regurgitation,
enlarged ventricles, and ischemia, and a smaller number dis-
played a left ventricle related abnormality. Because some of
the markers in the dataset are missing or incomplete, the
problematic images were removed from the dataset. The
original 256×256 pixel images were clipped to form 3020
images with a scale of 80×80 pixels that only retained the
left ventricle endocardium and epicardium.

The Automated Cardiac Diagnosis Challenge
(ACDC): The ACDC dataset was created from real clinical
exams acquired at the University Hospital of Dijon (France)
[8]. This dataset is the first and largest fully annotated
public MRI cardiac data in the medical imaging community
setting. The targeted population for the study is composed
of 150 patients divided into 5 subgroups, namely normal
subjects (NOR), patients with previous myocardial infarc-
tion (MINF), patients with dilated cardiomyopathy (DCM),
patients with hypertrophic cardiomyopathy (HCM), and
patients with abnormal right ventricle (RV). Cine MR
images were acquired in breath-hold with a retrospective or
prospective gating and with an SSFP sequence in short-axis
orientation. The spatial resolution was from 1.37 to 1.68
mm2/pixel. We obtained 1902 images of 100 subjects
from the training set of this dataset. Each slice was center
cropped to a resolution of 128px by 128px.

Local dataset: This dataset was employed in [51, 52].
It includes 2900 images from 145 subjects. These subjects
were collected from three hospitals affiliated with two med-
ical centers (London Healthcare Center and St. Josephs
HealthCare) using scanners from two vendors (GE and
Siemens). Most subjects have multiple pathologies, includ-
ing regional wall motion abnormalities, myocardial hyper-
trophy, mildly enlarged LV, atrial septal defect, LV dys-
function, etc. Each subject contains 20 frames throughout
a cardiac cycle. In each frame, LV is divided into equal
thirds (basal, midcavity, and apical) perpendicular to the
long axis of the heart following the standard AHA prescrip-
tion Cerqueira [9] and a representative mid-cavity slice is
selected for validation of cardiac indices estimation.

Figure 4: Graphic illustration of the Dice index and Haus-
dorff distance. (a) Green area (A) and red area (M) are auto-
matically and manually segmentation, respectively. The in-
tersection is represented by A

⋂
M . (b) A and m denote au-

tomated and manual contour, respectively.
.

4.2.Metrics

4.2.1.Plane index Let a and m be the predicted (auto-
mated) and ground truth (manual) contours delineating the
object class in short-axis MRI, respectively. Let A and M
be the corresponding areas enclosed by contours a and m,
respectively. Evaluation Metrics are used to evaluate the ac-
curacy of automatic segmentation by using ground truth as
a reference. The following is our introduction to the main
evaluation indicators.

Dice index The Dice index (DI) [13] is a measure of over-
lap or similarity between two contour areas and is defined as
(3) and Figure 4(a):

D(A,M) = 2×
A
⋂
M

A+M
(3)

The Dice index varies from zero (total mismatch) to unity
(perfect match).

Hausdorff distance Hausdorff distance (HD) [21] is an-
other evaluation metric, as shown in Figure 4(b). First, we
define the minimum distance (MD) from a point (p) on au-
tomated contour (a) to its nearest point (p′) of manual (m),
as followed:

d(p,m) = min
p′∈m

‖p− p′‖ (4)

then, for all points in a and m, we find the maximal d(p,m)
and d(p′, a). HD is the maximum of the two values and
always during [0,∞]. HD increases, its performance de-
grades.

HD(m, a) = max(max
p∈a

d(p,m),max
p′∈m

d(p′, a)) (5)

4.2.2.Physiological heart assessment In practice, assess-
ment of cardiac function still relies on simple global volu-
metric measures like EDV and SV, and EF [15]. These and
other basic parameters will be presented in the following
paragraphs.

Stroke Volume (SV): is defined as the volume ejected
between the end of diastole and the end of systole.

SV = EDV −ESV (6)

Ejection Fraction (EF): is a global index of LV fiber
shortening and is generally considered as one of the most



Figure 5: The illustration shows the segmentation effect of NCDN and the other three networks, where FCD stands for FC-
Densenet. In the segmented image, lines of different colors represent different edge depictions. The red, green, and blue lines
represent the RV, MYO, and LV of the ground truth. The yellow line, cyan line, and magenta line represent the RV, MYO, and
LV of the predicted images, respectively.

meaningful measures of the LV pump function. It is defined
as the ratio of the SV to the EDV

EF =
SV

EDV
×100% =

EDV − ESV

EDV
×100% (7)

4.3.Training Implementation

Our model is implemented based on Tensorflow. Dataset was
trained and tested using the GPU of NVidia GeForce GTX
1080Ti with 11G memory. We used Adam optimizer with a
learning rate set to 10−4. Our model and other models were
trained for 30 epochs and bactchsize was set to 1. Data ex-
pansion is applied to image expansion. For each dataset, we
first divided the training set, validation set, and training set.
The division ratios are 0.7, 0.1, and 0.2. After that, the di-
vided training set was expanded by rotation to 4 times the
original amount.

4.4.Generalization evaluation

In this section, we evaluate the generalization ability of our
proposed segmentation model. Tab 2 is the test result of the
three models trained on the York dataset. Tab 3 is the re-
sult of training on the York dataset and testing on the Lo-
cal dataset. Compared with the other two models, our model
performed well in ordinary segmentation effect evaluation,
which its Accuracy, Dice index, and Hausdorff distance all
show the best results among the two contrasted models, as
shown in Tab.2. And as shown in Tab 3, our model has better
generalization ability. The model trained on the York dataset
is used for testing on the Local dataset. Compared with us-
ing the York dataset for training and testing, using the York

dataset for training and then using the local dataset for test-
ing will obtain a worse segmentation effect. However, the
NCDN we proposed still have better resistance to image
changes and better performance than the other two models
on PA, DI, and HD.

Table 2: To evaluate the effects of different segmentation
techniques, the test results after training on the York data
set are presented in the form of average (std.).

York

Method
Dice index HD(mm)

LV cavity MYO LV cavity MYO

U-Net 0.90(0.03) 0.95(0.03) 9.42(3.7) 8.32(3.87)

FC-Densenet 0.91(0.03) 0.95(0.03) 9.15(3.6) 8.10(3.83)

NCDN 0.92(0.03) 0.95(0.02) 9.07(3.49) 8.05(3.62)

Table 3: To evaluate the generalization ability of different
segmentation techniques, use the Local data set to test after
training on the York dataset, and the results are presented in
the form of average (std.).

Local

Method
Dice index HD(mm)

LV cavity MYO LV cavity MYO

U-Net 0.69(0.09) 0.85(0.07) 22.51(6.58) 21.55(8.41)

FC-Densenet 0.74(0.07) 0.89(0.06) 18.93(6.87) 16.74(5.88)

NCDN 0.78(0.09) 0.89(0.06) 14.94(6.32) 17.13(6.84)



4.5.Evaluation of the proposed network model
NCDN

In order to evaluate the segmentation performance of the
proposed model, the following models were used for com-
parison: (1) The origin U-net model [40], (2) the FC-
Densenet introduced in [24], (3) Nested Convolution Dense
Network (NConvDN) replaces capsule convolution-capsule
deconvolution of NCDN with convolution-deconvolution.
We used the ACDC dataset to train and test these models
and separately count the segmentation effects of subjects
with different disease types, which distinguished the end-
diastolic (ED) and end-systolic (ES). The evaluation indica-
tors include DI and HD. All of the four models are trained
with the same settings as described in Section in a five-fold
cross-validation scheme. Table 4,5,6 compared the proposed
model NCDN against the other models in terms of the re-
sulted segmentation accuracy. The results show that, except
that NCDN is slightly worse than FC-Densenet in the HD
index of the myocardium, the accuracy of other evaluation
indexes is better than the other three models.

Table 4: Evaluation results on RV for four different segmen-
tation techniques. The values of the segmentation metrics
(DI and HD) are presented as the average values (std.) dur-
ing a five-fold cross-validation strategy.

Method
Dice index HD(mm)

ED ES ED ES

U-Net 0.92(0.09) 0.86(0.11) 14.09(11.63) 20.66(19.64)

FC-Densenet 0.92(0.09) 0.87(0.12) 14.40(13.25) 17.73(17.14)

NConvDN 0.92(0.10) 0.87(0.11) 14.80(16.55) 24.63(34.73)

NCDN 0.93(0.07) 0.88(0.10) 13.94(12.23) 16.57(14.95)

Table 5: Evaluation results on MYO for four different seg-
mentation techniques. The values of the segmentation met-
rics (DI and HD) are presented as the average values (std.)
during a five-fold cross-validation strategy.

Method
Dice index HD(mm)

ED ES ED ES

U-Net 0.87(0.08) 0.89(0.07) 11.90(10.43) 12.32(12.08)

FC-Densenet 0.88(0.06) 0.89(0.07) 8.86(4.03) 10.29(7.11)

NConvDN 0.88(0.07) 0.89(0.07) 9.39(6.85) 11.71(10.55)

NCDN 0.89(0.07) 0.90(0.06) 8.91(5.29) 10.47(6.27)

Table 6: Evaluation results on LV for four different segmen-
tation techniques. The values of the segmentation metrics
(DI and HD) are presented as the average values (std.) dur-
ing a five-fold cross-validation strategy.

Method
Dice index HD(mm)

ED ES ED ES

U-Net 0.95(0.06) 0.91(0.09) 9.33(8.15) 9.50(7.37)

FC-Densenet 0.95(0.05) 0.91(0.07) 7.73(3.56) 9.16(5.01)

NConvDN 0.95(0.08) 0.91(0.09) 7.85(4.89) 9.29(6.56)

NCDN 0.96(0.04) 0.92(0.08) 7.71(5.61) 8.64(4.86)

Figure 6: 3D MRI of a subject with DCM in the ACDC
dataset. The first line is ED of the subject, and the second
line is ES of the subject.Each column represents the main
view, the left view and the top view, respectively. The red
area represents MYO, the green area represents LV and the
blue area represents RV.

Figure 5 shows the segmentation effect of the four models
in the same image. The images shown cover the ES and ED
of different groups of people. We kept the edges of ground
truth and predicted images, and provided mixed images (the
edges of ground truth and predicted images are depicted on
top of the original image) to more clearly describe the dif-
ference between the predicted images and ground truth.

Using FC-Densenet, NConvDN, and the proposed NCDN
to conduct ablation experiments, the results show that our
proposed model has better performance. In the comparison
of multiple dimensions, the segmentation accuracy of NCon-
vDN is worse than that of NCDN. This may be because cap-
sule convolution can save more spatial information than con-
volution, which is beneficial to improve the ability to distin-
guish things from different perspectives. We have performed
a more detailed classification of the ACDC dataset to eval-
uate the segmentation effect of the model on cardiac mag-
netic resonance images of different groups of people. Table
7 shows the segmentation effect of our proposed model on
DCM, HCM, MINF, NOR, and RV.

In order to better prove the performance of the proposed
model, the model with the most advanced results was used
for comparison, which ranks among the top 10 in ACDC
test set segmentation performance. As shown in Table 8, the
NCDN obtained the best results on ED of MYO and ED of
LV compared with other ten models. It also performed well
on other indicators. In terms of DI indicators, ED and ES
of RV ranked 6th, ES of MYO ranked 2nd, and ES of LV
ranked 4th. In terms of HD indicators, ED and ES of RV
ranked 8th and 7th respectively, ED and ES of MYO ranked
6th, and ED and ES of LV ranked 6th and 7th respectively.
The 3D reconstruction results of a subject in the ACDC test-
set are shown in Figure 6. The 3D reconstructed image is
used to assess heart health of the subject.

4.6.Physiological parameters estimation

After segmenting the RV, MYO, and LV of 100 sub-
jects from the ACDC training set by five-fold cross-



Table 7: Group-base analysis results of our model on the 100 cases coming from the ACDC training dataset with five-fold
cross-validation.

Group
Dice index HD(mm)
RV cavity MYO LV cavity RV cavity MYO LV cavity

ED ES ED ES ED ES ED ES ED ES ED ES

DCM 0.91 0.85 0.89 0.89 0.97 0.96 11.75 18.55 8.42 9.19 7.42 8.96
HCM 0.90 0.83 0.91 0.94 0.95 0.88 16.66 15.14 12.54 12.00 10.63 9.01
MINF 0.93 0.84 0.90 0.87 0.96 0.94 17.44 25.58 8.15 11.41 6.63 10.07
NOR 0.94 0.92 0.89 0.93 0.96 0.91 11.38 11.65 7.40 8.44 7.32 7.30
RV 0.95 0.93 0.87 0.88 0.95 0.92 12.49 11.90 8.06 11.32 6.55 7.86

Table 8: The segmentation effect of different segmentation techniques on the ACDC test set.

Method

Dice index HD(mm)

RV cavity MYO LV cavity RV cavity MYO LV cavity

ED ES ED ES ED ES ED ES ED ES ED ES

NCDN 0.932 0.882 0.899 0.911 0.966 0.916 13.9 14.5 9.7 10.8 7.5 9.6

[22] 0.946 0.904 0.896 0.919 0.965 0.933 8.8 11.4 7.6 7.1 5.6 6.3

[57] 0.934 0.885 0.886 0.902 0.964 0.912 11.0 12.6 9.6 9.3 6.2 8.4

[33] 0.933 0.884 0.881 0.897 0.961 0.911 13.7 13.3 8.6 9.6 6.1 8.3

[25] 0.941 0.882 0.889 0.898 0.964 0.917 10.3 14.0 9.8 12.6 8.1 9.0

[5] 0.935 0.879 0.882 0.897 0.963 0.911 14.0 13.9 9.8 11.3 6.5 9.2

[49] 0.932 0.883 0.892 0.901 0.961 0.918 12.7 14.7 8.7 10.6 7.5 9.6

[39] 0.928 0.872 0.884 0.896 0.957 0.900 11.9 13.4 8.7 9.3 7.5 10.7

[56] 0.916 0.845 0.875 0.894 0.957 0.905 14.0 15.9 11.1 10.7 6.6 8.7

[34] 0.911 0.819 0.867 0.869 0.955 0.885 13.5 18.7 11.5 13.0 8.2 10.9

[17] 0.887 0.767 0.799 0.784 0.948 0.848 19.0 24.2 12.3 14.6 8.9 12.9

validation, three functional parameters were used for eval-
uation, namely EDV, ESV, and EF. As shown in Table 9, the
experimental results show that our model has a smaller stan-
dard deviation in most parameters than the other three mod-
els, which means that our model has a more stable segmenta-
tion effect. The good news is that compared to the other three
models, the performance of our model has been greatly im-
proved in EDV of RV, EDV, ESV and EF of MYO, and EDV,
ESV and EF of LV.

As shown in Figure 7, the effect of manual segmentation
and the segmentation effect of the proposed model are con-
sidered in the consistency check. The Pearson correlation
of our model in each evaluation content is above 0.8 and
most of them are above 0.96, which means that our model
has a strong consistency with manual segmentation. For a
more systematic assessment of consistency, Bland-Altman
was introduced. It has three line segments, the solid lines
at both ends represent ±1.96 times the standard deviation of
the difference, and the solid line in the middle represents the
mean line of the difference between the two measurement
methods. If the scatter points are within the two standard
deviation lines, and the mean is close to 0, then the two re-
sults are consistent. The result of the illustration shows that
most of the segmentation errors of our model fall between
the two standard deviation lines and the mean line is near 0,
which again shows the consistency between our model and
the manual segmentation results.

5.Discussion

In this work, a nested network structure is proposed to
complete the segmentation task of cardiac MRI, hoping to
have better segmentation performance. Local and third-party
evaluations have reflected that it has improved segmentation
accuracy and robustness relative to the benchmark model,
and it also has the most advanced results in some indica-
tors. The proposed model has good performance on the DI
index, but the performance is relatively ordinary on the HD
index, especially for the segmentation of RV. Both the DI
indicator and HD indicator measure the effect of segmen-
tation but have different focuses. DI can better reflect the
consistency of the corresponding pixels of the image, while
HD focuses on the consistency of the segmentation edge.
This means that an outlier has little effect on DI, but may
have a greater impact on HD indicators. NCDN is an end-
to-end network with capsule convolution as the kernel. The
characteristics of the capsule enable it to better perceive ob-
jects in different viewing angles, which effectively avoids
the state of failure of recognition in FC-Densenet, such as
incorrectly judging whether a certain category exists on the
image. However, it still lacks constraints on the objects to be
segmented in the image, which may lead to the appearance
of outliers and make the HD index too large. To alleviate
this problem, new shape mechanisms such as shape prior
[38] can be introduced. In addition, a more reasonable cost
function for HD constraints can be discovered or statistical
techniques can be used to correct outliers in the segmented
image to ensure edge integrity and internal consistency.



Table 9: Evaluation results on RV for four different segmentation techniques. The values of the segmentation metrics (DI and
HD) are presented as the average values (std.) during a five-fold cross-validation strategy.

Method
RV MYO LV

EDV(ml) ESV(ml) EF(%) EDV(ml) ESV(ml) EF(%) EDV(ml) ESV(ml) EF(%)

U-net 5.26(21.10) -0.05(21.07) -1.04(12.20) 0.49(19.96) 1.58(22.49) 0.31(9.61) 1.71(17.71) -1.94(17.28) -3.16(11.80)

FC-Densenet 5.87(22.29) -2.43(26.61) -9.87(76.67) -1.68 (17.79) 0.97(24.13) 2.73(13.50) 1.53(16.43) -0.65(20.89) -2.02(13.12)

NConvDN 8.91(19.02) 0.00(19.55) -3.08(9.88) 0.03(17.40) 3.48(22.94) 2.91(11.75) 0.78(13.70) -0.16(16.47) -1.71(9.64)

NCDN 8.83(12.40) 1.59(18.11) -2.06(11.98) 0.69(10.53) 2.10(15.83) -0.08(1.17) 1.24(6.04) 0.57(9.37) 0.10(5.11)

Figure 7: Bland-Altman plots showing the agreement be-
tween reference and automatic quantification of the end-
diastolic (ED) and end-systolic (ES) volume (V[in ml]) or
mass (M [in g]). Bland-Altman limits of agreement and
Pearson correlation values are listed. Different signs are used
to indicate different types of subjects.

6.Conclusion

In this paper, we propose a nested network structure to de-
compose a single codec into multiple codecs to obtain a bet-
ter segmentation effect on cardiac MR images. This struc-
ture is composed of multiple existing networks and shows
a better segmentation effect on multiple datasets than each

part of the source network. In order to better verify the per-
formance of the network structure, the evaluation of the in-
dicators of heart function is included. The smaller error and
standard deviation further prove the effectiveness of network
fusion. After that, the consistency analysis with the manual
segmentation results is used to detect whether the automatic
segmentation method can replace manual segmentation to a
certain extent. The experimental results show that the seg-
mentation effect of our model has strong consistency with
the manual segmentation effect. This makes it possible to
realize the automatic segmentation of cardiac MRI systems
in the future. As more and more network structures with ex-
cellent performance are continuously proposed, it is a good
strategy to transform and combine these models to better
complete the target task. In future work, more network mod-
els will be considered to get a better network model.

7.Acknowledgments

This work was supported in part by the National Sci-
ence Foundation Program of China (NSFC) under Grants
61976241, 61871173, 81827805, in part by Shenzhen Ba-
sic Research Project (JCYJ20200109114610201), in part
by the National key R&D program of china under Grant
No. 2018YFA0704102, in part by Science and Technology
Program of Tianjin under Grant 20YDTPJC00670. We are
grateful to Mr. Ye Y.W. for debugging the experiments.

References

[1] Abadi, M.; Chu, A.; Goodfellow, I.; McMahan, H. B.;
Mironov, I.; Talwar, K.; and Zhang, L. 2016. Deep
learning with differential privacy. In Proceedings of
the 2016 ACM SIGSAC Conference on Computer and
Communications Security, 308–318.

[2] Abdeltawab, H.; Khalifa, F.; Taher, F.; Alghamdi,
N. S.; Ghazal, M.; Beache, G. M.; Mohamed, T.; Keyn-
ton, R.; and El-Baz, A. 2020. A deep learning-based
approach for automatic segmentation and quantifica-
tion of the left ventricle from cardiac cine MR images.
Comput. Medical Imaging Graph. 81: 101717. doi:
10.1016/j.compmedimag.2020.101717.

[3] Alwan, A.; et al. 2011. Global status report on non-
communicable diseases 2010. World Health Organiza-
tion.

[4] Andreopoulos, A.; and Tsotsos, J. K. 2008. Efficient
and generalizable statistical models of shape and ap-



pearance for analysis of cardiac MRI. Medical Image
Analysis 12(3): 335–357.

[5] Baumgartner, C.; Koch, L.; Pollefeys, M.; and
Konukoglu, E. 2017. An exploration of 2D and 3D
deep learning techniques for cardiac MR image seg-
mentation. In International Workshop on Statistical
Atlases and Computational Models of the Heart, 111–
119. Springer.

[6] Bazin, P.-L.; and Pham, D. 2008. Homeomorphic brain
image segmentation with topological and statistical at-
lases. Medical image analysis 12(5): 616–625.

[7] Bellon, O.; and Silva, L. 2002. New improvements
to range image segmentation by edge detection. IEEE
Signal Processing Letters 9(2): 43–45.

[8] Bernard, O.; Lalande, A.; Zotti, C.; Cervenansky, F.;
Yang, X.; Heng, P.-A.; Cetin, I.; Lekadir, K.; Camara,
O.; Ballester, M. A. G.; et al. 2018. Deep learning tech-
niques for automatic MRI cardiac multi-structures seg-
mentation and diagnosis: is the problem solved? IEEE
transactions on medical imaging 37(11): 2514–2525.

[9] Cerqueira, M. 2002. Standardized myocardial segmen-
tation and nomenclature for tomographic imaging of
the heart : A statement for healthcare professionals
from the Cardiac Imaging Committee of the Council
on Clinical Cardiology of the American Heart Associ-
ation. Circulation 105(4): 539–542.

[10] Chen, C.; Qin, C.; Qiu, H.; Tarroni, G.; Duan, J.; Bai,
W.; and Rueckert, D. 2020. Deep Learning for Cardiac
Image Segmentation: A Review. Frontiers in Cardio-
vascular Medicine 7: 25.
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Figures

Figure 1

The illustration shows the NCDN architecture used for ACDC segmentation tasks, the output image
consists of four feature maps that represent background, RV, MYO, and LV, respectively.



Figure 2

Capsule dense Block (CDB) architecture. Our CDB includes a dense capsule connection layer at the front
and a regression layer at the rear. The dense capsule connection layer is composed of three Capsule
Convolution Units (CCU) densely connected. The regression layer is a convolutional layer and its purpose
is to convolve the feature map (Fd,4) formed by the dense connection into the shape of the CDB input
(Fd,1).

Figure 3



The architecture of our proposed Capsule Convolution Unit (CCU). The input dimensions in the �gure are
length, width, number of capsules, and number of channels, respectively.

Figure 4

Please see the Manuscript PDF �le for the complete �gure caption

Figure 5

The illustration shows the segmentation effect of NCDN and the other three networks, where FCD stands
for FCDensenet. In the segmented image, lines of different colors represent different edge depictions.



The red, green, and blue lines represent the RV, MYO, and LV of the ground truth. The yellow line, cyan line,
and magenta line represent the RV, MYO, and LV of the predicted images, respectively.

Figure 6

3D MRI of a subject with DCM in the ACDC dataset. The �rst line is ED of the subject, and the second line
is ES of the subject.Each column represents the main view, the left view and the top view, respectively.
The red area represents MYO, the green area represents LV and the blue area represents RV.



Figure 7

Bland-Altman plots showing the agreement between reference and automatic quanti�cation of the
enddiastolic (ED) and end-systolic (ES) volume (V[in ml]) or mass (M [in g]). Bland-Altman limits of
agreement and Pearson correlation values are listed. Different signs are used to indicate different types
of subjects


