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Abstract
Simultaneous and automatic segmentation of the blood pool and myocardium
is an important precondition for early diagnosis and pre-operative planning
in patients with complex congenital heart disease. However, due to the high
diversity of cardiovascular structures and changes in mechanical properties
caused by cardiac defects, the segmentation task still faces great challenges.
To overcome these challenges, in this study we propose an integrated multitask deep learning framework based on the dilated residual and hybrid pyramid pooling network (DRHPPN) for joint segmentation of the blood pool
and myocardium. The framework consists of three closely connected progressive sub-networks. An inception module is used to realize the initial
multi-level feature representation of cardiovascular images. A dilated residual network (DRN), as the main body of feature extraction and pixel classification, preliminary predicts segmentation regions. A hybrid pyramid pooling
network (HPPN) is designed for facilitating the aggregation of local information to global information, which complements DRN. Extensive experiments
on three-dimensional cardiovascular magnetic resonance (CMR) images (the
available dataset of the MICCAI 2016 HVSMR challenge) demonstrate that
our approach can accurately segment the blood pool and myocardium and
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achieve competitive performance compared with state-of-the-art segmentation methods.
Keywords: Blood pool, Myocardium, Magnetic resonance image,
Segmentation
1. Introduction
Congenital heart disease (CHD) is one of the causes of high mortality,
especially among children, which seriously affects people’s normal life. At
the same time, CHD surgery is complicated and poses certain risks. Hence,
there is an urgent need for a safe and effective surgical auxiliary way to help
clinicians quickly to find lesions, thereby shortening the surgery time and
reducing patients’ pain. Since cardiovascular magnetic resonance (CMR)
images can intuitively show the specific morphology of the blood pool and
surrounding myocardium, clinicians are capable of judging patients’ cardiac
defects according to the distributions of the blood pool and myocardium, so
as to make an accurate prediction of lesions easily. Thus, the simultaneous
segmentation of the blood pool and myocardium from 3D CMR images is
an important premise of pre-operative planning and patient-specific heart
models for patients with complex CHD (Pace et al., 2015). As shown in
Figure 1, our task is to segment two portions from the axial slices of 3D
CMR images: the blood pool and myocardium. As can be seen from Figure
1(a), we artificially delineate the contours of the blood pool and myocardium
on original 2D slices. As the major component of cardiovascular structure,
the blood pool is composed of some individuals with irregular shapes, while
the myocardium comprises marginal areas surrounding the blood pool. It
is precisely the high complexity of shape and appearance that makes our
segmentation task extremely difficult. Figure 1(b) shows the segmentation
results by experienced experts.
In early clinical practice, a contrast agent is usually used to enhance
the image development, and then the boundaries of targets are manually
described. Although this clinical method has been proved to be effective
in segmenting CMR images, sometimes it may not be able to obtain reliable and accurate segmentation results due to the following limitations: 1)
the anatomical variability of cardiac defects is large; 2) the signal intensity
changes greatly; and 3) the signal-to-noise ratio is low (Suinesiaputra et al.,
2015; Zhao et al., 2017). In addition, manually segmenting the blood pool
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and myocardium is not only a waste of manpower and time but also prone
to inter- and intra-observers (Afshin et al., 2012). Moreover, the employment of a contrast agent produces many unpredictable side effects and places
great pressure on the patient’s body and mind (Ordovas and Higgins, 2011).
Based on the above limitations, researchers began to explore automatic or
semi-automatic segmentation methods to replace the manual segmentation
method. However, due to the high complexity and diversity of cardiovascular structures (Xue et al., 2017a), these methods still faces the following
challenges.

Figure 1: (a) Original 2D slice: the blue line is the outline of the blood pool, and the green
line is the outline of the myocardium. (b) Segmentation result: the yellow represents the
background, the blue represents the blood pool, and the green represents the myocardium.

• Complex changes of appearance intensity mainly including the following two forms.
(1) Highly inconsistent appearance intensity of the same targets: the
parts of the same category show a large difference in pixel intensity; it
is easy to divide the two parts into different categories without corresponding labels.
(2) The high similarity of appearance intensity of different targets: in
a few cases, the appearance of the blood pool and myocardium may
show very similar pixel intensity, which makes it difficult to determine
the correct category.
• Huge changes of boundaries mainly including the following two cases.
(1) Huge changes in shape and appearance: the anatomical difference
caused by different heart movement states is great, which leads to different shape and appearance presented by 3D image of each subject.
(2) Local weak/no boundaries: the complexity of cardiovascular structure determines that the contrast of boundaries is low or there is no
5

Figure 2: Illustration of the challenges in segmenting 3D CMR images. (a) Highly inconsistent appearance intensity of same targets. (b) The high similarity of appearance intensity
of different targets. (c) Huge changes in shape and appearance. (d) Local weak/no boundaries.

contrast; these situations result in the absence of significant boundaries
among the blood pool, myocardium, and unconsidered background.
Several representative images are provided to illustrate the above challenges. As shown in Figure 2(a), the white dotted line circled in the two slices
6

should belong to the blood pool, but it can be seen that the appearance of
the middle portion of the blood pool shows a very similar pixel intensity
value as the myocardium. This not only makes it easy to classify both parts
as myocardium but also introduces much interference to the classification of
the blood pool. Examining the two images in Figure 2(b), in the left-hand
image, the portion circled by the dotted line should be the blood pool, but
it is easily classified as myocardium because it locates at the edge and looks
very similar to the myocardium. Regarding the right-hand image, the region
enclosed by the dotted line is obviously similar to the blood pool in appearance and size, but it is an unnecessary background area. Two other cases of
complexity are now described in detail. As shown in Figure 2(c), we have
selected the 100th slice of 5 subjects for display, and it is obvious that there
are significant differences in morphology and movement between images of
different individuals. The segmentation of the two slices shown in Figure 2(d)
is more difficult. The problems they present are the common problems that
most medical images face in segmentation, namely weak boundary and no
boundary. For the left-hand image, the area circled by the dotted line shows
the blurry boundary between the blood pool and myocardium, or between
the blood pool and background, or between the myocardium and background.
Regarding the right-hand image, it is difficult to determine whether there is
a boundary between the blood pool and background. In fact, the boundary
is indeed a difficult part in image segmentation. All of the problems pose
many challenges to our multi-objective segmentation task.
To solve the aforementioned challenges and compensate for the shortcomings of existing segmentation methods, we have proposed an integrated
multi-task deep learning framework based on the dilated residual and hybrid
pyramid pooling network (DRHPPN) for joint segmentation of the blood
pool and myocardium. The framework includes inception module, dilated
residual network (DRN) and hybrid pyramid pooling network (HPPN). The
inception module is used to realize the multi-level feature representation of
CMR images. The multi-level feature maps by convolutional layers of three
scales contain abundant feature information about the object’s shape, structure, size, and boundary. The DRN focuses on the deep features of objects
and models the dynamic correlation between image sequences. The HPPN
further uses the intermediate features of different scales obtained by the DRN
to realize the aggregation of multiple local information maps into global information maps. While recovering the resolution of the original image through
up-sampling operation, a softmax classifier is adopted to realize the classi7

fication at the pixel level, which would accurately segment the blood pool
and myocardium, and provide a more effective reference basis for clinical
treatment of CHD. The major contributions of this work are the following.
(1) We propose a new multi-task deep learning network based on the dilated
residual and hybrid pyramid pooling network (DRHPPN), which could
segment the blood pool and myocardium directly and simultaneously.
(2) To segment morphologically variable targets, blood pool and myocardium,
effective components such as inception module, dilated convolution, and
ConvLSTM module are used to assist residual network in learning and
extracting features and sequences’ correlations.
(3) We creatively feed the intermediate features of the DRN into a hybrid
pyramid pooling network (HPPN). Pooling layers of different scales enable multi-level local enhancement features to converge into a mixed
global enhancement feature map, which contains high-level semantic information directly for accurate segmentation.
The rest of this paper is organized as follows. In Section 2, the related
works and methods of CMR image segmentation in recent years are introduced. In Section 3, we mainly describe our segmentation framework, including the principle and application of basic modules. In Section 4, we present
segmentation results, including the comparative experiments, ablation studies, and other applications. In the Section 5, we conclude the paper and put
forward future research plans.
2. Related work
Although there is a large body of literature related to medical image segmentation, we mainly focus on the automatic segmentation methods of the
blood pool and myocardium, which are closely bound up with our work. By
consulting studies of segmentation of cardiovascular images, we have found
that there are very few papers that are generated by the segmentation of the
blood pool alone, which may be related to its special position and function
in the cardiovascular structures. Therefore, the relevant works we have summarized can be divided into two categories: (1) the segmentation methods of
the myocardium, and (2) simultaneous segmentation of the blood pool and
myocardium.
Traditional image segmentation methods have been widely used in medical image analysis, especially in the segmentation of ventricles, and many
8
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Table 1: Summary of related works.

effective segmentation methods have been derived. For example, (Mitchell
et al., 2001) proposed a hybrid approach of an active shape model (ASM)
and active appearance model (AAM) to automatically segment the left ventricle (LV) and right ventricle (RV), which is helpful to avoid the matching
function falling into a local minimum value. (Moolan-Feroze et al., 2014)
proposed the mixed flow model and the segmentation framework of Markov
random field (MRF) to segment the RV and generated the target shape
priority from manifold using image information and current segmentation
estimation. (Grosgeorge et al., 2013) used the graph cut framework to guide
the segmentation of the RV in MR images. (Maier et al., 2012) adopted
the two-stage segmentation method: first finding the excessive region image
of the RV in MR images, and then combining the segmentation region with
the intensity-based boundary term. Through the calculated region of interest
(ROI), (Mahapatra and Buhmann, 2013) used a random forest (RF) classifier
and graph cut method to classify the pixel, thus realizing the segmentation of
the RV. (Woo et al., 2013) employed the level set and implicit shape priority
under the variational framework to segment the LV. Although these traditional methods have achieved good results in ventricular segmentation, their
performance inevitably depends on the initially selected point and weight
factor, and some methods even require frequent user interaction (Petitjean
and Dacher, 2011; Xue et al., 2017b). These reasons cause the limitations of
the use of traditional methods on clinical operation.
Deep convolutional neural networks (CNNs) have achieved great success
in handwriting recognition, which promotes the extensive application of CNN
in the medical imaging field. (Su et al., 2015) first proposed a fast CNN scanning method to segment cancer areas in breast MR images. However, the
performance of the traditional CNN-based segmentation method is limited
by the size of the selected pixel block, which can only extract local features
and ignore global information. Therefore, (Long et al., 2014) proposed a fully
convolutional neural network (FCN) to solve the input problem in instance
segmentation, which is also applicable to our medical image segmentation.
The network can be fed the images of any size, and restore the original resolution of the image through the deconvolutional layers, so as to directly
achieve pixel-level segmentation.
In recent years, many scholars have proposed some methods for segmentation of the blood pool and myocardium in CMR images, including traditional
methods and deep learning-based methods. To name just a few, (LorenzoValds et al., 2004) proposed an approach based on the prior knowledge of
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atlas and the 4D MRF combined with the space-time background to segment
the ventricle and myocardium of the cardiac MR images. (Song et al., 2019)
applied the traditional graph cut method to segment myocardium. (Liu et al.,
2019) used the cross-constraint shape method and shape discrepancy compensation principle to segment the myocardium over delayed enhancement
(DE) and T2-weight images. Other traditional methods, such as the 3D random field model, was proposed by (Tziritas, 2016), and a method combining
multi-atlas and level sets was proposed by (Shahzad et al., 2016). The appearance model was proposed by (Mukhopadhyay, 2016), which uses random
forest (RF) to learn context awareness, and then makes a prediction based on
appearance priori. These methods are all based on machine learning theories
and applied to the segmentation of the blood pool and myocardium in CMR
images.
Traditional methods have not been widely used due to their limitations,
but the emerging deep learning-based methods are able to compensate for
these shortcomings. For instance, (Xu et al., 2017) proposed an end-toend deep learning framework (LSTM-RNN), that combines CNN and time
relation-based RNN module to accurately detect and segment the myocardial
infarction areas. (Qin et al., 2018) proposed a framework based on fully convolutional neural network (FCN) to segment the ventricles and myocardium
as well as to evaluate the motion state of the heart. (Cicek et al., 2016)
adopted a simple 3D-Unet network to perform multi-task segmentation directly. (Wolterink et al., 2016) proposed a single dilated CNN for the problem
that CMR images contain a large number of small targets, but it often fails
to highlight the local key features. In addition, (Yu et al., 2017) employed
the 3D form of the dense residual module and deep supervised learning module, which can segment the targets more accurately, but ignored the guiding
role of multi-level features contained by the high complexity of CMR images.
(Taha et al., 2018) proposed a CNN consisting of an up-sampling module
and a down-sampling module to simultaneously segment the blood vessels
and the myocardium around them. It is undeniable that these deep learningbased methods have become the mainstream methods in the field of medical
image segmentation. Their emergence not only replaces the dominant position of traditional segmentation methods but also solves their limitations and
defects. Thus, this paper also proposes a new deep learning-based method to
solve the segmentation problems of the blood pool and myocardium in CMR
images.
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Figure 3: Illustration of DRHPPN network, which consists of inception module, dilated
residual network (DRN) and hybrid pyramid pooling network (HPPN).

3. Method
The essence of a deep learning network lies in learning to create an abstract representation of the image data, which is expressed by a highly nonlinear function f : x → y, where f represents a transformation function from
input space x to output space y. The main components of a deep learning
network are convolutional layers, the formula of a convolutional layer is
!
M
X
l
(1)
al+1
=f
Wnm
∗ alm + bl+1
n
n
m=1

l
where al+1
n and am represent the nth feature map in the (l+1 )th layer and the
mth feature map in the l th layer, respectively, and M denotes the number of
l
feature maps in layer l. Wnm
represents the 2D convolution kernel from the
mth feature map in the l th layer to the nth feature map in the (l+1 )th layer.
∗ denotes the 2D convolution operation and bl+l
n represents the corresponding
bias vector (Qi et al., 2019).
The framework of the dilated residual and hybrid pyramid pooling network (DRHPPN) is shown in Figure 3. First, an inception module is used to
extract multi-level information of the input images, and obtain some shallow
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feature maps containing targets’ shape, location, and boundary information,
which are fused into a rough visual feature map. Then, the fusion feature
map is put into a dilated residual network (DRN) with a ConvLSTM module
in the middle of the encoder and decoder. Under the action of the ConvLSTM module, the spatio-temporal information inside and between images
can be studied comprehensively, and the morphological and kinematic correlations of image sequences can be modeled. The dilated convolutions are
added to avoid the reduction of image resolution caused by the frequent use of
max-pooling layers. Skip connections are capable of transferring the encoded
feature information to the decoding module directly to ensure the integrity of
the semantic information. Finally, we creatively extract and concatenate the
feature maps of the same resolution to construct a hybrid pyramid pooling
network (HPPN). In consideration of the local key information concerned by
the feature maps of different scales being different, the deep feature maps
containing high-level semantic information can be obtained by further pooling them. The deconvolution operation of these deep feature maps could
receive more sufficient context information, which is helpful to guide the
classification of pixel points in the process of restoring the image resolution.
Therefore, the segmentation of the blood pool and myocardium can be completed more accurately.
The deep learning network is designed to segment the blood pool and myocardium in a series of CMR slices S0 ,S1 ,S2 ,...,SN . The segmentation of the
objective regions is conducted by predicting the categories of pixels in each
image. The categories include three types of {background, bloodpool, myocardium}.
The final output feature map has three channels which consists of a background channel x0 and two channels x1 ,x2 corresponding to the myocardium
and blood pool, with each channel undertaking the task of classifying a type
of target. By doing so, we alleviate the challenge of segmenting multiple
targets and simplify the problem to binary classifications. We further employ the binary cross-entropy loss function between each target channel and
background channel,
L=−

2
X
i=1

yi log(pi ) + (1 − yi )log(1 − pi )

(2)

where yi represents the ground-truth binary label map for each target and pi
i)
for i=1,2.
is calculated as exp(xexp(x
0 )+exp(xi )
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3.1. Inception module
Our initial feature extraction module is essentially a variation of the inception module. Figure 4(a) shows a naive inception module, which mainly
contributes in two aspects. One is to use the 1×1 convolution to raise and
lower dimensions, and the other is to carry out convolution and aggregation
simultaneously on multiple scales (Szegedy et al., 2015). As a matter of fact,
from the point of view of feature extraction, the convolution of 1×1 seems to
be of little use. However, the convolutional layers of 1×1 invisibly increase
the depth of the network, and improve the nonlinear expression ability of the
network under the effect of the rectified linear unit (ReLU) (Xu et al., 2015).
Additionally, it is characterized by the addition of a max-pooling branch with
a stride of 1, which can achieve effective feature extraction without changing
the image resolution.
Figure 4(b) shows the slight improvements we have made to the naive
inception module. One is an increase in scales. Empirically speaking, the
convolutional layer of a single scale could condense the image into a feature map. However, for a multi-target segmentation task, different targets
have different pixel intensities, which require multiple level feature maps to
express separate and specific targets. Moreover, multi-scale convolutional
layers are capable of compensating for feature information that cannot be
captured by convolutional layers of a single scale, and all of them have the
ability to achieve the purpose of discarding unnecessary information. On
the other hand, after the concatenation of multi-scale feature maps, a maxpooling layer with a stride of 2 is used to condense the coarse feature maps
and make the information more concise.
3.2. Dilated residual network (DRN)
To obtain the representative global CMR image feature representation,
we feed the initial feature maps obtained from the modified inception module into the dilated residual network (DRN). The network is used to describe
the deep appearance and structure features of images and to capture the
morphological and kinematic characteristics of multiple objects. As shown
in Figure 5, we show the structure and parameter settings of the DRN. The
design of the DRN is mainly based on symmetric convolution and deconvolution channels. Given the irregular shape of the blood pool and myocardium
and their scattered small parts that are difficult to locate, we have chosen
dilated convolution instead of normal convolution to better identify these
14

Figure 4: Illustration of inception module.

targets (Yu and Koltun, 2015; Chen et al., 2016). Another important design
is that a ConvLSTM module is added between the down-sampling and upsampling modules. While extracting the spatial feature information of the
images, the ConvLSTM module can also capture the dynamic dependence
among the image frames (Shi et al., 2015), which can effectively improve the
segmentation accuracy of cardiovascular images. The formulas of the dilated
convolution and ConvLSTM are the following:
X

y[i] = f
x[i + r · k] × w[k] + b[k]
(3)

where f denotes the kernel-wise nonlinear transformation of ReLU and batch
normalization (Ioffe and Szegedy, 2015), and r is the dilation rate that is
added to the convolution kernel k. We have
Ft = σ(wxf ∗ Xt + whf ∗ Ht−1 + wcf Ct−1 + bf )
It = σ(wxi ∗ Xt + whi ∗ Ht−1 + wci Ct−1 + bi )
Ct = Ft Ct−1 + It tanh(wxc ∗ Xt + whc ∗ Ht−1 + bc )
Ot = σ(wxo ∗ Xt + who ∗ Ht−1 + wco Ct + bo )
Ht = Ot tanh(Ct )
15

(4)

Figure 5: Illustration of DRN, which consists of three convolution blocks and three deconvolution blocks, and a ConvLSTM module is placed between the two types of blocks.
Input of our DRN is size of 64×64×64 (height × width × channels) initial feature maps
from the inception module, and the number of channels set by all convolutional layers is
64.

where Xt and Ht−1 represent the current input and status at the last moment respectively. Ft , It and Ot represent the information flow state of the
forgetting gate, input gate, and output gate, respectively. Ht represents the
current state of the moment. Ct mainly controls whether the current state is
used as the output of the ConvLSTM and represents the current output.
denotes the element-wise product, and ∗ the convolution operator. σ denotes
the activation function, and tanh the hyperbolic tangent nonlinear function.
w is the weight matrix of different gate, and b the corresponding bias vector.
Our DRN adopts convolutional layers with convolution kernel sizes of
16

Table 2: Configurations of skip connections.

Skip Connections
Conv1 (1×1)
Deconv Block 3#
Conv Block 1# Deconv Block 2#
Conv Block 2# Deconv Block 1#
Conv Block 3#
Conv2 (1×1)

Image Resolution
64×64
32×32
16×16
8×8

Table 3: Configurations of dilated convolutions.

Dilated Rate
Conv Block 1# / Deconv Block 3#
Conv Block 2# / Deconv Block 2#
Conv Block 3# / Deconv Block 1#

(2, 2)
(2, 2)
(3, 3)

1×1 and 3×3, and the pooling window size of the max-pooling layers is
2×2. We have set two types of dilation rates, 2×2 and 3×3. Table 2 and
3 show the configurations of the skip connections and dilated convolutions
in the DRN, respectively. After each convolutional layer, batch normalization and activation function ReLU are set to accelerate the training speed
and improve the training accuracy of the model. To reduce the overfitting
risk of the network, dropout is added to the end of Conv Block to reduce
parameters. Theoretically, the feature representation of an image in image
sequences is largely dependent on the feature representation of the previous
images. Hence, we cleverly put a ConvLSTM module into the middle of Conv
Blocks and Deconv Blocks to capture the time correlations between image
sequences.
3.3. Hybrid pyramid pooling network (HPPN)
We know that in most cases, it is not guaranteed that our research objects are in the same visual range, so it is necessary to propose an effective
method to solve the scale problem of the input image. (He et al., 2014)
proposed spatial pyramid pooling (SPP) network in a study of using a deep
neural network (DNN) to deal with visual recognition tasks, aiming to solve
the problem that the input image size of a CNN must be fixed. (Liu and
Han, 2016) and (Wang et al., 2018) have proved that feature maps of different levels exhibit different salient objects. Low-level features are obtained
17

Figure 6: Illustration of HPPN, which shows parameter configurations of max-pooling
layers and dense connections of up-sampling layers.

by fewer convolutional layers. It has high resolution and contains significant
amount of information, such as location and details, but also contains a lot
of noise. In contrast, high-level features have strong semantic information
and poor perception of details because of low resolution. In the course of
deep convolution, the effective use of high- and low-level features can better
capture the precise location of the target and highlight the details. On the
basis of solving the problem of input size, the SPP network makes full use of
the difference of multi-level features.
Based on the above analysis, we creatively apply the advantages of pyramid pooling layers to solve the segmentation problem of the blood pool and
myocardium. In our network, due to the DRN losing significant amount of
feature information in the process of down-sampling, so we use the skip connections to transmit the information directly. This structure can not only
extend context information but also make full use of residual information.
Although the middle feature maps with the same resolution can retain the
common local information through concatenation, it is also doped with a
lot of unnecessary noise. Thus, we have extracted the intermediate fused
feature maps of different scales to construct a hybrid pyramid pooling network (HPPN). The important local features may be retained while the noise
is removed by a max-pooling operation. The intermediate feature maps of
different scales focus on different local key areas, and their fusion achieves
the aggregation of global feature information, which is of great help to the
segmentation of multiple targets.
The design of the HPPN is different from that of a traditional SPP
network. The specific structure is shown in Figure 6. The input of this
module is four intermediate feature maps of different scales, and then the
18

max-pooling operation is carried out on them separately. The max-pooling
window sizes are 8×8, 4×4, 2×2 and 1×1, respectively. The purpose of doing
this is to retain high-level features of the same scale, but they focus on different sensitive areas. Low-level feature maps contain abundant information
about edge, position and shape, but lack semantic information that is helpful for segmentation, while high-level feature maps are on the opposite. The
four high-level feature maps are restored to high-resolution maps through
the three-step 2×2 up-sampling layers and dense connections, and then the
global guiding segmentation map is obtained through concatenation.
4. Experimental results and analysis
In this section, we first introduce the dataset, including its source, quantity and pre-processing. Then, we introduce the configurations, implementation details, evaluation indicators, and results of the experiment. Next, we
conduct a series of ablation studies to systematically analyze the effectiveness of each component of the proposed network and its impacts on overall
segmentation performance. Finally, we apply our method to another dataset
and compare it with state-of-the-art methods.
4.1. Dataset and pre-processing
In this study, the experiment was performed on 3D short axial images
of the HVSMR 2016 challenge dataset, including 10 patients with 3D CMR
images (10 training sets and 10 testing sets), each patient having a different
number of images taken. Imaging was performed on the axial view of a 1.5T scanner (Phillips Achieva) without contrast agents using a steady-state
free precession (SSFP) pulse train. During the subjects’ free breathing, the
ECG and the respiratory-navigator controls were used to remove the heart
and respiratory movements (TR=3.4 ms, TE=1.7 ms, α=60). The image
size and spacing of different subjects were different. In the full-volume training dataset, the average size are 390×390×165 mm and 0.9×0.9×0.85 mm,
respectively. Manual segmentation of the blood pool and ventricular myocardium was performed by a trained grader and verified by two clinical experts. (The dataset is available at http:// segchd.csail.mit.edu/index.html).
Before training the network, we have pre-processed the dataset. First, we
sliced the 3D volume images to obtain the 2D images (in this experiment,
we selected axial slices) and removed all the black labels (no target) of each
patient and their corresponding original images. Then, we adjusted the size
19

of all images and labels to 128×128 and normalized the values of all pixel
points. Owing to the insufficient number of training samples, overfitting of
the model can easily occur. Therefore, random enhancement and rotation
techniques were used to expand the sample numbers of the training dataset
(Yu et al., 2017; Dou et al., 2017). Finally, we were able to use a total of 30
samples to train our network.
4.2. Implementation details
Our method was implemented on the Tensorflow platform, Python was
used to write the network architecture with the Keras deep learning library,
and MatLab was used to realize the data pre-processing. The entire training
process was performed on a 3.40G CPU and 16G NVIDIA GPU. The network was trained using the Adam adaptive optimizer with an initial learning
rate of 0.001 and mini-batch size of 3. Binary cross-entropy was used to
calculate the loss of pixel-level classification in each iteration, and our model
was trained for 15,360 iterations in total. Since the labels of testing sets were
not available, effective evaluation criteria could not be obtained. Thus, the
training sets were divided into training sets and a validation set. We used
leave-one-out method to evaluate the segmentation performance of our network. Starting from the first patient, the images of one patient were selected
as the validation set, and the remaining images used as the training sets.
The entire training process was repeated 10 times.
4.3. Evaluation indicators
Six indicators based on area overlap and surface distance were used to
evaluate the performance of our method: Dice coefficient (Dice), Jaccard coefficient (Jac), positive predictive value (PPV), sensitivity (Sens), specificity
(Spec), and Hausdorff distance of boundaries (HD). These indicators were
used to calculate the segmentation results of the blood pool and myocardium
alone and their formulas are expressed as follows:
Dice(Aseg , Agt ) = 2 ×
Jac(Aseg , Agt ) =

Aseg ∩ Agt
Aseg + Agt

Aseg ∩ Agt
Aseg ∪ Agt

P P V = TP /(TP + FP )
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(5)
(6)
(7)

Figure 7: Segmentation results of 10 subjects.

Sens = TP /(TP + FN )

(8)

Spec = TN /(TN + FP )

(9)

HD = (maxi∈seg (maxi∈gt (d (i, j))) , maxi∈gt (maxi∈seg (d (i, j))))

(10)

where Aseg represents the generated segmentation result, and Agt the real
segmentation result. The greater the value of Dice and Jaccard coefficients,
the better the segmentation accuracy. TP represents a positive class of pixel
that can be correctly predicted, FP a negative class of pixel predicted to be
a positive class, FN a negative class of pixel that can be correctly predicted,
and TN a positive class of pixel predicted to be a negative class. d(i,j)
represents the Euclidean distance, and (i,j) represent the boundary point on
the generated or the real segmentation mask.
4.4. Experimental results
In this section, we have quantitatively and qualitatively evaluated the
performance of our segmentation network in the following aspects: (1) via
the results of our method and other advanced segmentation methods, and (2)
via a comparison of our method with state-of-the-art segmentation methods
to verify the effectiveness of our method.
4.4.1. Results of our method and other advanced methods
We show the segmentation results of the blood pool and myocardium of
each subject in Figure 7. The segmentation accuracy of the blood pool is
much higher than that of the myocardium, indicating that the myocardium
is difficult to segment, which also conforms to the fact that the myocardium
areas in CMR images are relatively small and scattered. For the Dice coefficient distribution, the Dice value of the blood pool is between 0.90 and
0.96, and the Dice value of the myocardium fluctuates around 0.80. For the
four indicators of Jac, PPV, Sens, and Spec, the results of the blood pool
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Figure 8: Performance comparison of different methods.

are much better than those of the myocardium. Regarding the HD value,
the value of the blood pool is much smaller than that of the myocardium. In
general, the segmentation results of most subjects are kept at the same level,
which indicates that our method has a certain stability.
We have implemented the classical segmentation networks FCN and
U-Net (Ronneberger et al., 2015). Meanwhile, we also have implemented
the SSLLN framework proposed by (Duan et al., 2018) and SDNet proposed
by (Chartsias et al., 2019), which are the effective multi-task segmentation
networks based on deep learning. Table 4 shows the results of these five
methods. As shown in Figure 8, it also can be seen from the column diagram
of various evaluation indicators that our method has absolute advantages in
segmenting the blood pool. However, for the myocardium, the HD value
obtained by our method is larger than that of U-Net, which indicates that
our method still has some shortcomings in the segmentation of small targets.
Regarding the problem that the dataset is too small to train an effective
segmentation model, we have adopted the data enhancement technology to
increase the original 10 samples to 30 samples. To specify the influence of
the sample size on model training, Figure 9 shows the validation loss values
of these methods. It can be seen from the curves that the model with 30
samples converges faster and easily tend to a stable state.
Experimental results show that our network has ability to accurately
segment the blood pool and myocardium and maintain stable segmentation
performance for different objects. Nevertheless, due to the complexity and
variability of targets, there are some bad segmentation results, especially for
small targets. As shown in Figure 10, we randomly selected a slice with good
prediction and a slice with bad prediction. The top row shows the good prediction, that is, our segmentation mask has a very high degree of coincidence
22
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Dice

0.912±0.019
0.927± 0.013
0.908±0.017
0.901±0.021
0.946±0.008

0.728±0.045
0.788±0.034
0.745±0.045
0.722±0.044
0.824±0.027

Method

FCN

U-Net

SSLLN

SDNet

Ours

FCN

U-Net

SSLLN

SDNet

Ours

0.701±0.039

0.566±0.054

0.596±0.056

0.651±0.046

0.574±0.055

0.898±0.014

0.820±0.034

0.832±0.029

0.864±0.023

0.838±0.031

Jac

0.883±0.020

0.817±0.061

0.800±0.041

0.838±0.042

0.785±0.071

Myocardium

0.948±0.017

0.897±0.046

0.909±0.036

0.927±0.026

0.926±0.037

Blood Pool

PPV

0.772±0.037

0.649±0.054

0.699±0.057

0.743±0.031

0.683±0.054

0.945±0.011

0.907±0.035

0.908±0.030

0.928±0.021

0.899±0.033

Sens

0.992±0.001

0.989±0.004

0.987±0.002

0.990±0.002

0.986±0.005

0.989±0.003

0.979±0.010

0.982±0.007

0.985±0.005

0.985±0.007

Spec

11.297±2.682

13.263±5.120

9.063±4.492

5.627±1.542

12.000±3.902

2.082±1.035

20.929±7.278

19.656±9.367

7.993±6.121

5.024±3.048

HD

Table 4: Quantitative segmentation results of our method and four advanced methods. The entries in bold highlight the best
comparable results.

Figure 9: Validation loss values of different numbers of samples.

Figure 10: Examples given to illustrate good and bad segmentation results.

with the real segmentation mask. The bottom row shows the bad prediction,
a part of the red box in the lower left corner is mistaken for the blood pool
because of the similarity in pixel intensity, but a part of the blue box in upper
right corner is the real target area. Perhaps there are two main reasons for
the bad segmentation results: (1) partial slices only contain relatively small
and scattered targets, and (2) there are too few similar samples to fully train
the model.
We have qualitatively analyzed the effectiveness of our method in segmenting the blood pool and myocardium from three view slices of 3D images.
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Figure 11: Qualitative segmentation results of our method and four advanced methods.
Segmentation masks of blood pool and myocardium are shown from three view slices, including sagittal slice, axial slice, and coronal slice, from left to right. First row shows three
view slices and real segmentation masks (white represents blood pool, and gray represents
myocardium). Second row shows the Ground-truth of blood pool and myocardium separately, and third to last rows show predicted results of our method and other advanced
methods (left column is the blood pool, and right column is the myocardium).

As shown in Figure 11, we selected a subject’s 3D image for analysis. We
show its three view slices and the real segmentation masks as well as the
predicted masks of other methods. In this study, we do not directly segment the slices of other two viewpoints. Instead, we creatively reconstructed
the segmentation masks of axial slices through 3D reconstruction technology
and then sliced it from the other two viewpoints. To more intuitively demonstrate the effectiveness of our method, we have extracted the blood pool and
myocardium from images for separate analysis. As can be seen from these
figures, the distribution of the blood pool and myocardium is complex and
highly variable, especially the myocardium areas. Although the sample distribution is seriously unbalanced, the predicted results of our method are,
to a large extent, more in line with the Ground-truth than those of other
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advanced methods.
4.4.2. Performance comparison of our method and state-of-the-art methods
Table 5 shows the segmentation results of our method and state-of-the-art
methods on the 2016 HVSMR dataset. (Cicek et al., 2016) proposed the 3D
U-Net framework, that is, all the 2D operations are replaced by 3D operations, and the best segmentation results are obtained by tuning parameters.
We also compared our segmentation results with two similar 3D segmentation
networks: the VoxResNet network proposed by (Chen et al., 2018) to segment MR images of the brain, and the densely connected VoxResNet network
proposed by (Yu et al., 2017) on the basis of VoxResNet framework. That is,
adding more skip connections to the residual network. Moreover, similar to
our method, (Wolterink et al., 2016) only used the 2D dilated convolutional
network to segment 2D slices. Furthermore, we compared our method with
two traditional segmentation methods, namely that of, (Tziritas, 2016), who
combined a 3D Markov random field (MRF) model with substructure tracking, and that of (Shahzad et al., 2016), who combined multiple atlas and
level sets to automatically segment cardiovascular images. The results of all
comparative methods are presented in Table 5 for analysis and comparison.
For the segmentation of the blood pool, the Dice and HD results are
absolutely superior to other methods. However, on other four classification
indexes, Jac, PPV, Sens, and Spec, our results are slightly lower than those
of Wolterink in terms of PPV and Spec. For the segmentation of the myocardium, our results are the best in terms of Dice, Jac, PPV, and Spec, while
DenseVoxRet achieved the best result in Sens and Shahzad et al. achieved
the best result in HD. However, considering the simultaneous segmentation
of the blood pool and myocardium, our method has an absolute advantage
in most evaluation indicators. It is worth noting that the standard deviation
of each index is basically smaller than that of other methods, which, to some
extent, also indicates that our method has strong stability and generalization ability. In addition, most of the comparable methods we have chosen
are based on 3D CMR volume images while our method selected the axial
slices of 3D images, which inevitably leads to performance differences among
methods.
4.4.3. Segmentation results of challenging images
The segmentation results of the example images in Figure 2 are presented
one by one in Figure 12. Accurate segmentation of challenging images proves
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0.929±0.013
0.931±0.011
0.926±0.018
0.867±0.047
0.885±0.028

(Chen et al., 2018)

(Yu et al., 2017)

(Wolterink et al.,
2016)

(Tziritas, 2016)

(Shahzad
2016)

0.821±0.041
0.802±0.060
0.612±0.153
0.747±0.075

(Yu et al., 2017)

(Wolterink et al.,
2016)

(Tziritas, 2016)

(Shahzad
2016)

Ours (DRHPPN)

0.824±0.027

0.774±0.067

(Chen et al., 2018)

al.,

0.694±0.076

(Cicek et al., 2016)

et

0.946±0.008

Ours (DRHPPN)

al.,

0.926±0.016

(Cicek et al., 2016)

et

Dice

Method

\

\

\

\

0.701±0.039

0.602±0.094

0.457±0.149

0.883±0.020

0.767±0.054

0.666±0.164

0.802±0.065

\

\

0.673±0.084

0.798±0.076

Myocardium

0.948±0.017

0.907±0.052

0.861±0.062

0.536±0.089

0.898±0.014

0.795±0.044

0.768±0.068

0.951±0.024

\

\

0.863±0.030

0.940±0.028

Blood Pool

PPV

0.863±0.028

Jac

0.772±0.037

0.734±0.108

0.571±0.150

0.805±0.076

\

\

0.618±0.092

0.945±0.011

0.867±0.046

0.889±0.108

0.905±0.047

\

\

0.916±0.048

Sens

0.992±0.001

0.989±0.004

0.985±0.008

0.990±0.004

\

\

0.992±0.004

0.989±0.003

0.984±0.008

0.972±0.014

0.992±0.004

\

\

0.989±0.005

Spec

11.297±2.682

5.091±1.658

13.199±6.025

6.126±3.565

7.294±3.340

6.572±3.551

10.221±4.339

2.082±1.035

9.408± 3.059

19.723±4.078

7.069±2.857

9.533±4.194

9.966±3.021

8.628±3.390

HD

Table 5: Performance comparison of our method and state-of-the-art methods. The entries in bold highlight the best comparable results.

Figure 12: Examples of images that are challenging to segment, including the original axial
slices, the Ground-truth, and our segmentation results. (For the Ground-truth, white
represents blood pool, and gray represents myocardium. For our segmentation results,
blue represents blood pool, and green represents myocardium.)

the effectiveness of our method. Although there are a few pixels with inaccurate classification, but it does not affect the overall judgment of the targets.
4.5. Ablation studies
The proposed segmentation network is mainly based on the effective integration of multiple basic modules. It is necessary to study the effects
of different modules on the performance of the entire segmentation network
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Table 6: Main modules of our network and five ablation networks.

Method
Module
Inception module
Dilated convolution
ConvLSTM
Skip connection
HPPN

Ours
√
√
√
√
√

AS 1
×
√
√
√
√

AS 2
√
×
√
√
√

AS 3
√
√
×
√
√

AS 4
√
√
√
×
√

AS 5
√
√
√
√
×

Figure 13: Performance comparison of our network and ablation networks.

through detailed ablation experiments. As shown in Table 6, we explored the
effects of general structures such as inception module, dilated convolution,
ConvLSTM, and skip connection. In addition, compared with the backbone
of our segmentation network, the HPPN can supplement and strengthen the
segmentation map in some respects. Our intention in constructing such a
framework is to cope with the challenges posed by the complexity of images,
so we investigated the independent
contribution of these infrastructures in
√
addressing challenges (” ” means to retain the specific module; ”×” means
to remove or replace the specific module).
Table 7 and Figure 13 show the segmentation results of our network
and five ablation networks that lack a specific module. Although the segmentation performance of these ablation networks is also good, there is still
a small gap between our results and those of the ablation networks. At
the same time, we also qualitatively demonstrate the segmentation masks of
these networks in Figure 14, and it is not difficult to find that the structure
of our network is more preferable in detail.
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Dice

0.930±0.013

0.935± 0.010

0.945±0.009

0.942±0.009

0.944±0.010

0.946±0.008

0.789±0.060

0.803±0.035

0.818±0.033

0.812±0.034

0.821±0.025

0.824±0.027

Method

AS 1

AS 2

AS 3

AS 4

AS 5

Ours

AS 1

AS 2

AS 3

AS 4

AS 5

Ours

0.701±0.039

0.697±0.035

0.685±0.048

0.694±0.046

0.672±0.047

0.655±0.077

0.898±0.014

0.895±0.018

0.890±0.016

0.897±0.015

0.877±0.017

0.870±0.022

Jac

0.883±0.020

0.886±0.025

0.878±0.030

0.904±0.016

0.876±0.033

0.864±0.037

Myocardium

0.948±0.017

0.945±0.022

0.943±0.019

0.950±0.018

0.942±0.022

0.947±0.029

Blood Pool

PPV

0.772±0.037

0.766±0.032

0.756±0.042

0.748±0.048

0.741±0.040

0.729±0.082

0.945±0.011

0.944±0.018

0.941±0.016

0.943±0.019

0.929±0.026

0.915±0.024

Sens

0.992±0.001

0.993±0.002

0.992±0.002

0.992±0.002

0.992±0.001

0.992±0.002

0.989±0.003

0.989±0.003

0.988±0.005

0.990±0.004

0.988±0.005

0.990±0.003

Spec

11.297±2.682

15.130±4.771

12.471±4.303

16.035±4.974

14.264±4.287

18.154±9.387

2.082±1.035

2.032±0.724

2.782±1.475

1.957±0.925

3.244±1.042

3.462±1.635

HD

Table 7: Quantitative segmentation results of our network and five ablation networks. The entries in bold highlight the best
comparable results.

Figure 14: Visualization of segmentation results of blood pool and myocardium by our
network and four ablation networks. First row shows the real segmentation mask. Key
areas are marked in different images with dotted boxes of different colors. Each row of
the figure below has the same dotted box at the same position, which represents the areas
with inaccurate segmentation (left column is the blood pool, and right column is the
myocardium).

4.5.1. Inception module for multi-level feature extraction
Owing to the operation of the 1×1 convolution kernel and the strategy
of multi-scale convolutional layer fusion, the inception module has a better ability in multi-level feature extraction and network nonlinear expression
compared with an ordinary single convolutional layer. Therefore, in our network, a modified inception module is designed to achieve the initial feature
representation of cardiovascular images. Meanwhile, we further use experiments to explore its role in the proposed network. As shown on the third
line in Table 7, AS 1 represents the experimental results after replacing the
inception module with a single scale convolutional layer. It can be clearly
seen from the table that without the application of the inception module,
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Figure 15: Segmentation of marginal targets and local weak/no boundaries.

the segmentation performance has been significantly reduced, especially on
Dice values.
4.5.2. Dilated convolution for marginal targets capture
Theoretically, the dilated convolution is focused on the marginal targets,
because it is capable of increasing the receptive field of the convolution kernel
while keeping the size of it unchanged. In our multi-target segmentation
task, the diversity of the targets morphology and motion makes it difficult to
locate the marginal regions, so we adopted the dilated convolution to improve
the segmentation performance. As shown in Figure 15(a), AS 2 replaces
the dilated convolution in our network with the ordinary convolution. The
segmentation masks of these three slices that the segmentation performance
of the dilated convolution on the marginal region (the areas depicted in the
red boxes and the white arrows) is significant. The quantitative segmentation
results in Table 7 also show that AS 2 underperforms our method on all the
indicators.
4.5.3. ConvLSTM for local weak/no boundaries detection
For sequential images, accurate segmentation relies heavily on context
information captured by ConvLSTM. Meanwhile, for some images with lo32

Figure 16: Visualization of intermediate feature maps. First row shows the multi-level
initial feature maps obtained by inception module (image resolution: 64×64). Second row
shows the preliminary segmentation maps obtained by DRN. Third row shows the feature
maps of different scales of HPPN input (from left to right: 64×64, 32×32, 16×16, 8×8).
Fourth row shows the feature maps after the concatenation of the output of HPPN and
DRN (64×64).

cal weak/no boundaries (the areas depicted in the red boxes and the white
arrows in Figure 15(b)), it is difficult to detect the boundary in terms of
the current image. However, we can try to use the detection results of the
previous image to guide the boundary detection of the current image. In
this way, sufficient context information is of great importance to performing segmentation. As shown in Figure 15(b), our method has the ability to
achieve accurate detection of blurry boundaries, while AS 3 (the ConvLSTM
module is removed) does not have that effect. Although Table 7 shows that
AS 3 performs better than our method on the value of PPV, HD, and Spec,
ConvLSTM module has still its own independent contribution.
4.5.4. HPPN module for the solution of inconsistent appearance intensity
Due to some images still existing the problem of inconsistent appearance
intensity (highly inconsistent appearance intensity of the same targets; the
high similarity of appearance intensity of different targets), while the DRN
cannot completely solve this problem. As can be seen from the white arrows
in the second row in Figure 16(a), the DRN may ignore the target area where
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the appearance intensity does not match. And in Figure 16(b), it seems to
weaken the appearance intensity of target area consistent with the Groundtruth. Meanwhile, there is also an incorrect appearance display shown (the
non-target region is incorrectly shown as the target region) as shown in the
red box.
To better deal with these problems, we added the HPPN module for
further processing. After the HPPN module, we have obtained the feature
maps shown in the fourth row in Figure 16. The feature maps of fourth
row show that the target areas can be strengthened and the non-target areas
can be weakened. The quantitative results in Table 7 also indicate that
compared with our network, AS 4 does not achieve that good segmentation
performance due to the lack of HPPN module.
4.5.5. Effectiveness of the inception module and the dense connections
We have evaluated the segmentation performance difference of the inception module and the ordinary multi-scale convolution to prove that the
former is more advanced than the latter. Furthermore, the purpose of constructing the HPPN is to make use of its max-pooling layers of different scales
and realize more accurate location through parallel up-sampling paths, so we
also evaluated the effect of adding dense connections to the structure on segmentation performance. Table 8 shows the influence of common multi-scale
convolution and the inception module on segmentation performance. Table
9 shows the effect of the addition of dense connections on segmentation performance. Quantitative analysis proves that the module design of our model
certainly improves the overall segmentation performance.
4.6. Application to another dataset
To investigate the effectiveness and generalization ability of the proposed
method, we have applied our method to the public challenge dataset: MICCAI 2017 Multi-Modality Whole Heart Segmentation (MM-WHS). The goal
of the challenge is to segment seven whole-heart substructures in multimodality (MR/CT) images. Datasets are obtained in clinics using different
scanners, resulting in different image quality, resolution and voxel spacing.
In line with our main work, we used the MRI volumes (20 volumes with
corresponding manual segmentation) and segmented its five substructures,
including the left ventricle blood cavity (LV), the right ventricle blood cavity (RV), the left atrium blood cavity (LA), the right atrium blood cavity
(RA) and the myocardium of the left ventricle (LV Myo). High variations
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0.944± 0.008

0.824±0.027

0.822±0.028

Inception
module

Multi-scale
Conv

0.946±0.008

Multi-scale
Conv

Inception
module

Dice

0.699±0.041

0.701±0.039

0.894±0.014

0.898±0.014

Jac

0.882±0.037

0.883±0.020

Myocardium

0.952±0.018

0.948±0.017

Blood Pool

PPV

0.771±0.033

0.772±0.037

0.936±0.015

0.945±0.011

Sens

0.993±0.001

0.992±0.001

0.991±0.003

0.989±0.003

Spec

13.455±4.919

11.297±2.682

2.303±1.201

2.082±1.035

HD

Table 8: Segmentation performance of inception module and ordinary multi-scale convolution. The entries in bold highlight
the best comparable results.
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0.946±0.008

0.944± 0.008

0.824±0.027

0.816±0.030

w/o

w/

w/o

Dice

w/

Dense
connections

0.691±0.043

0.701±0.039

0.894±0.014

0.898±0.014

Jac

0.897±0.022

0.883±0.020

Myocardium

0.948±0.020

0.948±0.017

Blood Pool

PPV

0.750±0.041

0.772±0.037

0.940±0.019

0.945±0.011

Sens

0.994±0.001

0.992±0.001

0.990±0.004

0.989±0.003

Spec

13.673±4.287

11.297±2.682

2.262±0.732

2.082±1.035

HD

Table 9: Segmentation performance with (w/) or without (w/o) adding dense connections. The entries in bold highlight the
best comparable results.

Table 10: Quantitative segmentation results of our method and four advanced methods.
The entries in bold highlight the best comparable results.

Method

LV

RV

LA

RA

LV Myo

FCN

0.884

0.815

0.813

0.838

0.771

U-Net

0.903

0.830

0.833

0.835

0.806

SSLLN

0.893

0.863

0.835

0.860

0.800

SDNet

0.910

0.840

0.794

0.839

0.809

0.933 0.902

0.905

0.910

0.858

Ours

of anatomy and signal intensity bring great difficulties to the whole heart
segmentation, so that this dataset was adopted as a supplementary experiment to verify that our method could be applied to different types of imaging
datasets.
The challenge provides 20 patients with original training images (MRI)
and label images that vary in sizes and numbers. We have employed the
same data augmentation (Shi et al., 2018; Yang et al., 2017) and image preprocessing techniques as with the CMR images, and the network architecture
and implementation details were consistent. In terms of evaluation indicator,
the Dice metric is adopted to evaluate the segmentation performance of our
method for the sake of facilitating the comparison with other state-of-the-art
methods. Since the labels of the test set are not public, we also adopted
the leave-one-out method to train the network. Similarly, four advanced segmentation networks are applied to this dataset, and the quantitative and
qualitative segmentation results are shown in Table 10 and Figure 17. We
randomly selected four slices of different subjects to show the segmentation
results of our method and four advanced methods on MM-WHS dataset. As
can be seen in Figure 17, the segmentation results of our model are highly
consistent with the real segmentation mask.
Different from the blood pool and myocardium in the cardiovascular images, the whole heart structures have relatively regular and uniform external
shape, but the continuous movement of the heart still brings great challenge
to the segmentation of the whole heart substructures. Regarding the MMWHS dataset, many researchers have proposed several effective segmentation
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Figure 17: Qualitative segmentation results of our method and four advanced methods.

methods. For example, (Mortazi et al., 2017) proposed a method based on
multi-planar deep CNN with an adaptive fusion strategy, and achieved the
best result in that year’ challenge. (Heinrich and Oster, 2018) won the first
place in the challenge by using discrete nonlinear registration and fast nonlocal fusion. (Payer et al., 2018) proposed a pipeline of two fully convolutional networks, the first CNN is used to locate the center of the bounding
box containing all cardiac substructures while the second CNN is used to
predict the categories of pixels in the ROI. Moreover, a deep voxel-wise dilated residual network based on Bayesian probability proposed by (Shi et al.,
2018) also achieved impressive results. These methods are all based on deep
CNN, but some non-CNN methods have also been proposed. For example,
(Galisot et al., 2018) proposed a method based on local probability atlas
and posterior correction. Although there is only a small gap between our
results and those of Mortazi et al. on LV, we have obtained remarkable segmentation results in terms of RV, LA, RA, and LV Myo. In particular, our
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Table 11: Performance comparison of our method and state-of-the-art methods. The
entries in bold highlight the best comparable results.

Method

LV

RV

LA

RA

LV Myo

(Galisot et al., 2018)

0.897

0.819

0.765

0.808

0.763

(Yang et al., 2017)

0.858

0.819

0.787

0.820

0.742

(Shi et al., 2018)

0.914

0.880

0.856

0.873

0.811

(Payer et al., 2018)

0.916

0.868

0.855

0.881

0.778

(Heinrich and Oster, 2018)

0.918

0.871

0.886

0.873

0.781

(Mortazi et al., 2017)

0.932

0.884

0.887

0.874

0.825

Ours (DRHPPN)

0.933

0.902

0.905

0.910

0.858

model achieves significant advantages over other state-of-the-art methods in
this multi-objective segmentation task. On the whole, our method is quite
effective in whole heart segmentation and it is also proved that our method
is appropriate for this dataset.
5. Conclusion
In this paper, we have proposed a multi-task deep learning method based
on the dilated residual and hybrid pyramid pooling network (DRHPPN).
The aim of this framework is to simultaneously and automatically segment
the blood pool and myocardium in cardiovascular images. Our method is
to integrate the CNN-based cardiovascular image representation many times
and creatively analyze and utilize the feature maps extracted in the deep
framework. The dynamic relationship of multi-object image sequences is
modeled while learning multi-object morphological changes. Although our
work is only based on axial slices of 3D CMR images, the stability of our
network is verified from the perspectives of both sagittal and coronal slices.
Numerous ablation studies and comparative experiments also prove that the
proposed method is advanced and effective in segmenting the blood pool
and myocardium and has great potential in clinical application, especially in
the pre-operative planning and guidance of CHD. Furthermore, our method
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was applied to the MM-WHS dataset and still achieved good segmentation
results, which indicates that our method has a certain generalization ability.
We will continue to study the following key points in the future work: (1)
more advanced network will be designed to realize multi-view segmentation of
3D CMR images, so as to achieve better segmentation performance; (2) trying
to do more theoretical analysis and applying the theories to the experiments;
(3) validating the performance of our method on more datasets.
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