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Accurate segmentation of cardiac substructures in multi-modality heart images is an important
prerequisite for the diagnosis and treatment of cardiovascular diseases. However, the segmentation
of cardiac images remains a challenging task due to (1) the interference of multiple targets, (2) the
imbalance of sample size. Therefore, in this paper, we propose a novel two-stage segmentation network
with feature aggregation and multi-level attention mechanism (TSFM-Net) to comprehensively solve
these challenges. Firstly, in order to improve the effectiveness of multi-target features, we adopt the
encoder-decoder structure as the backbone segmentation framework and design a feature aggregation
module (FAM) to realize the multi-level feature representation (𝑆𝑡𝑎𝑔𝑒1). Secondly, because the
segmentation results obtained from 𝑆𝑡𝑎𝑔𝑒1 are limited to the decoding of single scale feature maps, we
design a multi-level attention mechanism (MLAM) to assign more attention to the multiple targets, so
as to get multi-level attention maps. We fuse these attention maps and concatenate the output of 𝑆𝑡𝑎𝑔𝑒1
to carry out the second segmentation to get the final segmentation result (𝑆𝑡𝑎𝑔𝑒2). The proposed
method has better segmentation performance and balance on 2017 MM-WHS multi-modality whole
heart images than the state-of-the-art methods, which demonstrates the feasibility of TSFM-Net for
accurate segmentation of heart images.
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Cardiovascular diseases have increasingly become one
of the main killers of human health, its morbidity and mortality are more than neoplastic diseases and leaped to the first
place in the world [21]. It is an ischemic or haemorrhagic
disease of the heart caused by hyperlipidemia, arteriosclerosis, hypertension, etc. Therefore, accurate analysis of the
entire heart underlying structure is an important prerequisite
for disease diagnosis, pathological analysis and surgical
planning. In clinical practice, computed tomography (CT)
and magnetic resonance imaging (MRI), as major noninvasive imaging techniques, can detect and capture abnormal changes in heart structures from multiple angles [14].
However, due to the individual differences and dynamic
changes of heart structures, early cardiac image segmentation heavily relied on the manual work of experienced
experts, which is time-consuming, error-prone, and subject
to the subjective influence of operators [23]. Unfortunately,
it is impossible to judge the abnormal heart structures only
by manual work of cardiovascular CT and MRI images in
clinical practice. These limitations have stimulated a large
number of researches on full-automatic segmentation of
whole heart images.
Deep convolutional neural networks (DCNNs) have
achieved impressive effects in the field of medical image
processing, especially in medical image segmentation [35,
43, 44]. For whole heart CT and MRI image segmentation,
⋆
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many automatic segmentation methods based on DCNNs
have been proposed. For example, the two-stage 3D U-Net
framework proposed by Wang et al. [31] can achieve multicategory image segmentation. Payer et al. [24] adopted the
method of location first and then segmentation, and CNN
is used for location and segmentation. Mortazi et al. [22]
proposed an adaptive fusion strategy based on multi-plane
CNNs to automatically fuse the parallel information of 3D
scanning plane. Yang et al. [41] proposed hybrid loss guided
deep supervised convolutional neural network, including
weighted crossentropy (Wcross) loss and multi-class dice
similarity coefficient (mDSC) loss. Although these methods
have obtained general segmentation results, they did not take
enough into account the inherent segmentation challenges of
cardiac structures.
These challenges can be summarized in two ways. First,
cardiovascular images contain multiple cardiac substructures, their pixel intensity has the situation of inconsistent
within the classes and consistent between the classes, so
it is difficult for simple DCNNs to capture discriminative
multi-target features. Meanwhile, both target ambiguity and
boundary ambiguity also make DCNNs easy to confuse
the characteristic difference between target and background.
Second, in the cardiovascular images, each slice contains
different number of cardiac substructures, which leads to
an extreme imbalance in the number of training samples
for multi-targets. Such data imbalance makes it difficult to
maintain a uniform level of segmentation performance for
each cardiac substructure. Figure 1 shows some representative CT slices to elaborate on these challenges. The yellow
circle and arrow in Figure 1(a) represent the area with fuzzy
boundaries, Figure 1(b) points to the target area is vague.
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Figure 1(c) and (d) represent the slices only have less targets.
The four slices in Figure 1(e) show the contours of the
multiple targets, which indicates the diversity of cardiac
substructures in shape and appearance. For instance, the
red contour area represents the left ventricle, but the left
ventricle in the four slices varies in pixel intensity, shape
and size. These phenomenons also exist for MRI images.
Among these challenges, the sample imbalance problem
needs to be addressed emphatically. When processing multitarget images, DCNNs cannot adaptively select correlation
features in response to the changes of multiple targets. In
most cases, DCNNs treat all the objects in an image equally
and capture their spatial features through the convolutional
layers. As a result, more features are extracted for the
objects with larger size, and vice versa. At this time, if
the sample number of big target is more and the sample
number of small target is few, the training will be seriously
unbalanced. To solve this problem, many scholars have
proposed some feature extraction schemes based on attention
models [32, 33, 15, 8]. For instance, Wang et al. [32]
proposed a CNN using residual attention mechanism to
generate attention perception features by stacking attention
modules. Wang et al. [33] proposed a deep spatial attention
module to extract 2D and 3D image features. There are also
some attention models aimed at scene segmentation, such
as the feature pyramid attention module proposed by Li et
al. [15], the position attention module and channel attention
module proposed by Fu et al. [8]. The application of these
attention models enables DCNNs to allocate more attention
to important areas of an image. Inspired by this, we also
try to design a feature aggregation module and a multi-level
attention mechanism to make DCNNs pay more attention to
each target, so as to improve the sample balance of multiple
targets.
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Examples of whole heart CT images. (a) The
boundaries between the targets are blurred. (b) The targets
are fuzzy. (c)-(d) The sample size is unbalanced. (e) Variability
and diversity in shape and appearance of the targets.
Figure

In this paper, we propose a two-stage segmentation
network with feature aggregation and multi-level attention
mechanism (TSFM-Net) to segment cardiac substructures
in whole heart CT and MRI images. In the first stage, we
design a feature aggregation module (FAM), which generates high-level feature maps at different levels by multi-scale
maxpooling operation at each scale feature map. These highlevel feature maps are the effective summaries of the local
key information in the low-level feature maps, so the global
key information feature maps are formed when the high-level
feature maps of same scale are fused. Then, the semantic
feature maps are generated by continuous upsampling layers.
Such encoder-decoder structure with FAM produces the
segmentation masks of the first stage (𝑆𝑡𝑎𝑔𝑒1). In 𝑆𝑡𝑎𝑔𝑒1,
FAM only provides multi-level features for multi-target
segmentation at the feature level. However, the imbalance
among the multiple targets still needs to be improved.
Thereby, in the second stage, we propose a multi-level attention mechanism (MLAM) to assign attention to target areas,
so as to give more attention to each target channel. And then
immediately, the attention maps are sent into attention fusion
module (AFM) for the second segmentation (𝑆𝑡𝑎𝑔𝑒2). In
this way, 𝑆𝑡𝑎𝑔𝑒1 focuses on the whole target region, while
𝑆𝑡𝑎𝑔𝑒2 focuses on each target channel based on the multilevel attention maps. This complementary approach reduces
the interference and imbalance among the multiple targets.
To sum up, the main contributions of this paper are as
follows:
(1) We propose a two-stage segmentation network with
feature aggregation and multi-level attention mechanism
(TSFM-Net) for multi-target segmentation task, which is
used to solve the unbalance and disturbance of a single endto-end segmentation network for multi-target segmentation.
(2) We design a feature aggregation module (FAM)
for extracting multi-level features. Through the multi-scale
maxpooling layers, the advanced feature maps containing
comprehensive information of different levels can be obtained for the guidance of segmentation.
(3) We creatively propose a multi-level attention mechanism (MLAM) to focus on the target areas in the intermediate feature maps. Bilateral attention modules (BAM)
improve the salience of the target by using the attention
mechanism on the compressed channel feature vectors.
The rest of this paper is organized as the following: In
Section 2, the related works will be introduced. In Section 3,
we will give a detailed description of the proposed segmentation framework. In Section 4, the datasets, experimental setups and evaluation indexes will be introduced. Particularly,
the comparative experimental results and ablation studies are
presented and analyzed emphatically in this section. Finally,
the conclusions of this paper are given in Section 5.
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2.3. Multi-level feature extraction
Many researchers have done constructive works in image feature extraction. The single convolutional layer and
pooling layer usually cannot provide sufficient and valuable
feature information for multi-target image segmentation,
which leads to many effective methods of multi-level feature
extraction. For example, Mathai et al. [20] and Rad et al.
[27] directly used multi-scale convolutional layers. Gao et
al. [10] and Ma et al. [18] both extracted multi-level features
by overlaying a dilated spatial pyramid pooling module in
the coding block. Fang et al. [6] respectively sent a single
image and image sequence into the parallel convolutional
network, then extracted the spatial features and temporal
correlations of the images and fused them. Boot et al. [2]
utilized the structure of three-step convolution and downsampling/upsampling combined with skip connections to
make the features more refined and have stronger expression
ability. Fei et al. [7] extracted multi-level feature information
by downsampling at different scales for feature maps of
different levels. However, although the success of these
methods, they did not take into account the different feature
levels of multi-target images, and the relationship between
local features and global features at the same time.
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In recent years, due to the end-to-end training advantages
and superior feature discrimination ability, deep learning
algorithms gradually replace traditional machine learning
methods [46, 13, 9], especially in cardiac structure segmentation [38, 39, 37]. Both Luo et al. [17] and Payer et al.
[24] adopted CNN to achieve location and segmentation.
Full convolutional neural network (FCN) and its variants
have also been actively used in the segmentation of cardiac
images. For example, Qin et al. [26] designed a network of
simultaneous cardiac motion estimation and segmentation
based on FCN. The recursive full convolutional network (RFCN) proposed by Poudel et al. Poudel et al. [25] and Xue
et al. [40] could capture the spatial dependence between
slices through the memory unit while learning the image
representation. Nicoló et al. [29] proposed the application of
generative adversarial network (GAN) in the full-resolution
image and region of interest (ROI), which better guides the
learning of FCN through the mutual learning of the two types
of resolution images. The above works only achieve limited
segmentation performance, because they simply transplant
the classical deep learning algorithms from computer vision
field to cardiac image segmentation task, which greatly
ignores the specificity and challenges of medical images.
To better match the deep learning algorithms to cardiac
images, many scholars have developed segmentation methods aiming at the motion and morphological characteristics
of cardiac structures. Shi et al. [30] proposed the probabilistic deep voxel dilated residual network and Khened et al. [19]
proposed the multi-scale residual DenseNets. They mainly
use the residual networks to deal with the morphological
changes and differences of multi-target images to avoid the
loss of features. Du et al. [5] proposed an improved inception module. Through the multi-scale convolutional layers
and 1×1 convolutional layers, the extracted image features
are more hierarchical and have stronger expression ability.
Densely expanded convolution and feature pyramid network
can also extract multi-level features well. Zheng et al. [45]
proposed heterogeneous feature aggregation network (HFANet), which can make full use of complementary information
and clustered heterogeneous characteristics in 3D cardiac
images to improve segmentation performance. Fei et al. [7]
used the local attention networks with pyramid structure for
feature maps of different levels and carried out consistency
learning to pay attention to the cardiac structures. All of
these methods show superiority in cardiac structure segmentation.

ro

2.1. Deep learning for cardiac structure
segmentation

Wang et al. [34] proposed three attention models for the classification of 14 thoracic diseases, including channel-wise
attention, element-wise attention and scale-wise attention.
Chen et al. [4] proposed the attention mechanism to generate
new labels based on background and target respectively for
soft segmentation, and these labels are used to assist the
training of segmentation network. Fei et al. [7] proposed a
local attention network with pyramid structure, which gives
local attention to full-resolution feature maps of different
levels and integrates them into global attention maps. Xing et
al. [36] proposed the attention-guided deformation module,
which minimizes the interference caused by deformation in
the process of enlarging the lesion areas. These methods all
used attention mechanism to highlight the target areas for
different points.

-p

2. Related work

2.2. Attention mechanism
Attention mechanism allows the network to learn to
focus on important information and ignore irrelevant information, its application to medical image has achieved
remarkable results. Yi et al. [42] proposed to add an attention
model to the feature map at each scale in the decoding block
to realize the localization and segmentation of cell images.
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3. Methodology
3.1. Task description
The goal of our work is to automatically segment 7
cardiac substructures in whole heart CT and MRI images
by an end-to-end deep learning network without manual
intervention. Specifically, in our method, the input is a single
CT or MRI image with the size of 128×128, the output is
the segmentation mask with the same size. As shown in
Figure 2, the segmentation process is mainly achieved by two
stages. 𝑆𝑡𝑎𝑔𝑒1 not only output the segmentation masks, but
also generates the bilateral feature maps. In 𝑆𝑡𝑎𝑔𝑒2, these
intermediate feature maps are transformed into multi-level
attention maps. The final segmentation results are produced
through the fusion and connection with the segmentation
maps of 𝑆𝑡𝑎𝑔𝑒1. All the segmentation processes are based
on the classification at the pixel level. For pixel 𝑥(𝑖) , its
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Task description diagram.

classification result can be defined as
𝑥(𝑖)
𝑇

𝑒𝜃𝑙
𝑙=1

(1)

𝑥(𝑖)
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𝑃 𝑥(𝑖) = max 𝑖𝑚𝑢𝑚 𝑃 𝑦𝑖 = 𝑗 , 𝑗 ∈ [1, 𝑘]
( (𝑖)
)
that is, 𝑃 𝑦 = 𝑗| 𝑥(𝑖) ; 𝜃 is the probability of using softmax to classify 𝑥(𝑖) as category 𝑗. 𝑘 is the number of possible
The category with the highest probability
( categories.
)
𝑃 𝑥(𝑖) should be taken as the final category of pixel 𝑥(𝑖) .

3.2. Method overview

attention maps through step-by-step upsampling operation.
At the same time, the low-resolution attention maps are
transferred to the high-resolution attention maps by attention
fusion module (AFM), so as to achieve the purpose of
integrating scale differences. These attention maps and the
segmentation maps of 𝑆𝑡𝑎𝑔𝑒1 construct the segmentation
masks of 𝑆𝑡𝑎𝑔𝑒2.
The output feature maps of 𝑆𝑡𝑎𝑔𝑒1 and 𝑆𝑡𝑎𝑔𝑒2 all have
8 channels which consist of a background channel 𝑥0 and 7
channels 𝑥1 , 𝑥2 , 𝑥3 , 𝑥4 , 𝑥5 , 𝑥6 , 𝑥7 corresponding to the 7
targets. Such results are realized by Softmax classification
function, that is, Softmax calculates the feature vector at
each spatial position of the input feature maps and obtains
8 probability values, which represent the probability that the
pixel at this position belongs to these 8 categories. We further employ the categorical cross-entropy loss to supervise
the training of 𝑆𝑡𝑎𝑔𝑒1 segmentation network and 𝑆𝑡𝑎𝑔𝑒2
segmentation network. The loss function is described as
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The proposed two-stage segmentation network (TSFMNet) is shown in Figure 3. Its input is a CT or MRI image
with resolution of 𝐻×𝑊 (𝐻=128, 𝑊 =128). In 𝑆𝑡𝑎𝑔𝑒1,
original images are sent into an encoder with feature aggregation module (FAM), which contains four feature extraction blocks to extract multi-scale feature information.
The multi-scale maxpooling layers are used to filter the
feature maps of each scale, so that the generated highlevel feature maps are the local generalization at different
levels of the low-level feature maps. Then the advanced
feature maps of same scale are aggregated to form the global
feature expression of the original image. In the process
of downsampling and upsampling, three kinds of bilateral
feature maps (16×16, 32×32, 64×64) are produced, which
provides guidance for 𝑆𝑡𝑎𝑔𝑒1 segmentation. In 𝑆𝑡𝑎𝑔𝑒2,
bilateral feature maps are sent into a multi-level attention
mechanism (MLAM) to create attention maps. The classification accuracy can be improved by increasing the focus
on the target areas. Three bilateral feature maps have ability
to provide different levels of attention to the target while
preserving enough information of the encoding module.
By this way, the multi-level attention maps could be more
similar to the real masks. Subsequently, we scale up these

Yuhui Song et al.: Preprint submitted to Elsevier

𝐿𝑖 = −

8
∑

( )
𝑦𝑡 log 𝑝𝑡 , 𝑖 = 𝑆𝑡𝑎𝑔𝑒1, 𝑆𝑡𝑎𝑔𝑒2
𝑖

(3)

𝑡=1

where 𝑡 represents the target class, and there are 8 classes
of targets together with the background. 𝑦𝑡 is the label. If
𝑦𝑡 =1, it belongs to class 𝑡, otherwise it is 0. 𝑝𝑡 is the output
of the neural network, that is, the probability of category
𝑡. This output value is calculated by Softmax. The total
loss of the proposed segmentation framework is 𝐿𝑇 𝑜𝑡𝑎𝑙 =
𝐿𝑆𝑡𝑎𝑔𝑒1 + 𝐿𝑆𝑡𝑎𝑔𝑒2 .

3.3. Stage1 segmentation network
3.3.1. Feature aggregation module
We propose a feature aggregation module (FAM) as
shown in Figure 4, whose function is to aggregate high-level
feature information of the same scale. In the four encoding
blocks, we use two 3×3 convolutional layers to extract more
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Modular description of the two-stage segmentation network (TSFM-Net).
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expressive feature information. Starting from the first convolutional block, we use the maxpooling operation at different
scales (2×2, 4×4, 8×8, 16×16) for each feature map, which
results in some abstract feature maps with lower resolution.
Set the output of the convolutional layer is 𝑎𝑙−1 , the output
of the pooling layer is 𝑎𝑙 , the maxpooling formula is
(
)
𝑎𝑙𝑖𝑗 = max 𝑎𝑙−1
𝑚𝑛 , 𝑖 ≤ 𝑚, 𝑛 ≤ 𝑖 + 𝑘, 𝑘 = 1, 3, 7, 15 (4)
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where 𝑚, 𝑛 represent the region covered by the pooling
kernel.
High-level feature maps with different resolutions are the
abstract representations of the original image. For the same
feature map, the maxpooling operations with different kernel
sizes result in different levels of advanced feature maps. The
larger the pooling kernel is, the more global information is
attached to the extracted feature map. While the smaller the
pooling kernel is, the extracted feature map focuses more
on local information. Then the feature maps of the same
resolution are concatenated as input for the next encoding
block. The fusion formulas for each block are: 𝐹 1 = 𝑎𝑙1 ,
𝐹 2 = 𝑐𝑜𝑛𝑐𝑎𝑡𝑒(𝑎𝑙1 , 𝑎𝑙2 ), 𝐹 3 = 𝑐𝑜𝑛𝑐𝑎𝑡𝑒(𝑎𝑙1 , 𝑎𝑙2 , 𝑎𝑙3 ), 𝐹 4 =
𝑐𝑜𝑛𝑐𝑎𝑡𝑒(𝑎𝑙1 , 𝑎𝑙2 , 𝑎𝑙3 , 𝑎𝑙4 ). In this way, the multi-level features can be retained without loss of information, so as to
form the global feature expression of the original image in
the continuous fusion process of local features.

3.3.2. Stage1 network structure
𝑆𝑡𝑎𝑔𝑒1 segmentation network is mainly a symmetrical
U-shaped structure as shown in Figure 3, with encoder and
decoder as the main body. Table 1 shows the structure and
parameter settings of 𝑆𝑡𝑎𝑔𝑒1 segmentation network. It can
be seen from the table that segmentation is achieved by
encoding and then decoding the input image. The encoding
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part is FAM, which has four encoding blocks with the
same structure, each block is composed of two convolutional
layers, a pooling layer and a dropout layer. The decoding part
is also composed of four identical upsampling blocks, each
of which consists of an upsampling layer, two convolutional
layers and a dropout layer. To prevent network from tending
to overfitting state under the limitation of training sets, we set
the value of dropout layer to 0.35 to reduce the parameters
of the previous layer. Softmax function is set in the last layer
of the decoding section to calculate the probability that each
pixel belongs to eight categories and then the category with
the highest probability is selected as the final classification of
the pixel. The essence of multi-target image segmentation is
to classify each pixel and finally form a target classification
map with 8 channels.

3.4. Stage2 segmentation network
3.4.1. Multi-level attention mechanism
Bilateral feature maps containing useful guiding information extracted from the encoder and decoder of 𝑆𝑡𝑎𝑔𝑒1
segmentation network. They provide guidance for pixel
classification and semantic segmentation at different levels.
Specifically, the encoding features preserve detail information, while the decoding features preserve more semantic
information. To a large extent, these feature maps can be
considered as a high generalization of the objects, but there
is still a lot of interference information.
For better and more attention to the target areas, a
multi-level attention mechanism (MLAM) is constructed
for generating attention maps, which is composed of three
bilateral attention modules (BAM) corresponding to the
bilateral feature maps of three scales. As shown in Figure
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Illustration of feature aggregation module (FAM).
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Structure and parameter settings of 𝑆𝑡𝑎𝑔𝑒1 segmentation network.
Encoding
Input
128×128
Convolution
3×3
Blcok1
3 ×3
Maxpooling 2×2 4×4 8×8 16×16 64×64
Dropout
0.35
Convolution
3×3
Blcok2
3 ×3
Maxpooling 2×2 4×4 8×8
32×32
Dropout
0.35
Convolution
3×3
Blcok3
3 ×3
Maxpooling 2×2 4×4
16×16
Dropout
0.35
Convolution
3×3
Blcok4
3 ×3
Maxpooling
2 ×2
Dropout
0.35
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Table 1

5, we first use the globalaveragepooling layer and the globalmaxpooling layer to compress the feature maps. Both of
these two pooling ways have the ability to represent a feature
map in the form of a pixel value, but the expression degree of
feature map is different. Globalmaxpooling takes the largest
pixel value in the feature map as the global representation,
while globalaveragepooling takes the average value of pixel
values as the global representation. Among them, the feature
vector obtained from the globalmaxpooling layer has a

Yuhui Song et al.: Preprint submitted to Elsevier

Output
128×128
32×32 16×16 8×8
64×64
16×16 8×8
32×32
8×8
16×16
8×8

Decoding
Output
Upsampling 2×2 16×16
Convolution 3×3
3×3
Dropout 0.35
Upsampling 2×2 32×32
Convolution 3×3
3×3
Dropout 0.35
Upsampling 2×2 64×64
Convolution 3×3
3×3
Dropout 0.35
Upsampling 2×2 128×128
Convolution 3×3
3×3
Softmax
128×128×8

strong correlation with the targets. We perform attention
calculation on the bilateral feature vectors to highlight the
target intensity. Furthermore, deeper feature learning and
expression are also achieved through the fully connection
layer and ReLU. For the feature vectors from globalmaxpooling layer, the interaction between them is to deepen
the attention to the efficient channel features. As for the
feature vectors from globalaveragepooling layer, attention
calculation is carried out in an independent form, which
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Illustration of bilateral attention module (BAM).
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could ensure that the specificity of the information contained
in them remains unchanged. The concatenation of the two
attention maps has the ability to make the target areas more
obvious and suppress the background areas.

3.4.2. Attention fusion
We propose a two-stage segmentation strategy to make
up for the limitation of 𝑆𝑡𝑎𝑔𝑒1 segmentation network in
terms of scale variation. As shown in Figure 6, we show
the fusion process of the multi-level attention maps. Because
𝑆𝑡𝑎𝑔𝑒1 segmentation masks are obtained from step-by-step
upsampling operation of single scale feature maps, the key
features are easy to be diffused in the process of scaling up.
Hence, for the purpose of retaining the important information of each resolution, we send the bilateral feature maps
into MLAM to make the targets more obvious in the feature
maps and form the multi-level attention maps. What cannot
be ignored is that, these attention maps contain enough
structural information but also lacks sufficient context information. To solve this problem, we design an upsampling
branch and add short connections to transfer low-resolution
features to high-resolution feature maps. Namely, attention
fusion module (AFM). These three resolution attention maps
complement each other at the feature level and form sufficient context connection.

Yuhui Song et al.: Preprint submitted to Elsevier

4. Experiments
4.1. Dataset
The proposed method (TSFM-Net) is validated on whole
heart multi-modality images from MM-WHS 2017 Challenge dataset. The goal of the challenge is to segment 7
cardiac substructures from CT and MRI images, 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), the myocardium of the left ventricle (LV_Myo), the ascending aorta (AA) and the pulmonary
artery (PA). The cardiac CT data are obtained using two
advanced 64-slice CT scanners (Philips Medical Systems,
Netherlands) using a standard coronary CT angiography protocol at two sites in Shanghai, China. All image data from the
upper abdomen to the aortic arch covers the whole heart. The
in-plane resolution of the axial section is 0.78×0.78 mm and
the average section thickness is 1.60 mm. The cardiac MRI
data are obtained from two hospitals in London, England.
One set of data is taken from a 1.5-T Philips scanner, the
other from a 1.5-T Siemens scanner. Data are collected at a
resolution of approximately (1.6∼2)×(1.6∼2)×(2∼3.2) mm
and reconstructed to half of its acquisition resolution, i.e.,
about (0.8∼1)×(0.8∼1)×(1∼1.6) mm.
The CT and MRI volume images are sliced, removed
all-black label images and original images. The number
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Illustration of attention fusion module (AFM).
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Figure 7:

Segmentation results (Dice) of 20 subjects.

of slices retained varies from patient to patient, ranging
from 161 to 357 of CT and 60 to 175 of MRI. The high
degree of inconsistency in the number of patients’slices
brings great difficulty to our experiment. To reduce the
computational cost and time, we resize all the slices to
resolution of 128×128. Meanwhile, the pixel values of each
slice are normalized to [0, 1]. For the sake of the stability
and robustness of segmentation model, the training samples
are augmented through rotation.

Yuhui Song et al.: Preprint submitted to Elsevier

4.2. Implementation details
Our deep learning segmentation model is implemented
using Keras library on TensorFlow platform. The entire experiments are carried out with Intel Core i7-7820×3.60GHz
processor and an Nvidia GeForce GTX 1080 TI with 32GB
of RAM. The training images are processed into normalized
images with resolution of 128×128 by MatLAB. We set the
learning rate as 0.001 (Adaptive optimizer) and mini-batch
as 16. Categorical crossentropy is used as the classification
loss function of supervised learning. 𝑆𝑡𝑎𝑔𝑒1 segmentation
network is trained firstly, then we apply the segmentation
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where 𝑃 represents the predicted segmentation results, 𝐺
represents the ground-truth segmentation results. For ablation study, we also use ROC (Receiver Operating Characteristic) curve and AUC (Area Under the Curve) value to evaluate the rationality and validity of the proposed segmentation
network. The calculation formula of AUC is
∑
𝐴𝑈 𝐶 =

𝑝𝑟𝑜𝑖 𝜖𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑐𝑙𝑎𝑠𝑠 𝑟𝑎𝑛𝑘𝑝𝑟𝑜𝑖

−

𝑃 ×(𝑃 ∔1)
2

(6)

𝑃 ×𝑁

of

where 𝑟𝑎𝑛𝑘𝑝𝑟𝑜𝑖 represents the serial number of the 𝑖th sam∑
ple, 𝑝𝑟𝑜𝑖 𝜖𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑐𝑙𝑎𝑠𝑠 𝑟𝑎𝑛𝑘𝑝𝑟𝑜𝑖 represents the summation of
the numbers of the positive samples. 𝑃 and 𝑁 represent
the number of positive samples and the number of negative
samples.

ro

4.4. Experimental results and analysis
4.4.1. Segmentation performance evaluation
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The segmentation results of 20 subjects are presented
in Figure 7. For CT images, AA has the best segmentation
result and the average Dice value can reach 0.973. Moreover,
the segmentation performance of AA can be maintained
at a stable level for each subject. Of course, for the other
6 targets, there are some poor segmentation of individual
subjects, which affect the overall segmentation level. For
MRI images, LV has the highest average Dice value can
reach 0.959 and the best stability. As can be seen from Figure
8, the predicted contours of images with high Dice values
highly coincide with the real contours. Through visualization, we find that when the target is larger, the segmentation
performance is better, while when the target is smaller, the
segmentation performance is slightly worse. Hence, in the
segmentation of multi-target images, the size of the target
has a serious impact on the segmentation performance.

Figure 8:

Visualization of segmentation results.

maps and the bilateral feature maps to 𝑆𝑡𝑎𝑔𝑒2 segmentation
network. A total of 100 iterations of training are conducted.
Since this public challenge only provide training sets and
labels of 20 subjects, we use 5-fold cross-validation method
to verify the effectiveness of our segmentation framework.
Each training has 16 training sets (training sets accounts for
80%, validation sets accounts for 20%) and 4 test sets, the
whole experiment is run 5 times. The average value of all
the test sets is taken as the final segmentation result.

4.3. Evaluation metrics
To make a fair comparison with the state-of-the-art
segmentation methods, Dice correlation (Dice) is considered
to evaluate the segmentation performance of 7 substructures:
𝐷𝑖𝑐𝑒(𝑃 , 𝐺) = 2 ×

𝑃 ∩𝐺
𝑃 +𝐺

Yuhui Song et al.: Preprint submitted to Elsevier

(5)

4.4.2. Compared with the state-of-the-art methods
We directly compare and analyze the proposed method
with the state-of-the-art methods. These methods have worked
well in this challenging dataset. Table 2 and 3 show the
segmentation results of CT images and MRI images respectively. Our method achieves the best results on 7 targets
on both modality images. For CT images, Gu et al. [11]
obtained the best quantitative results on the segmentation of
LV and AA, but the mean Dice value of TSFM-Net can reach
0.940. For MRI images, although Wang et al. [31] achieved
better segmentation results on LV_Myo and PA than ours,
our experimental results are absolutely competitive on the
whole and the mean Dice value can reach 0.934. It can be
seen from Table 2 and 3 that these methods have a certain
degree of imbalance in the segmentation of the 7 objectives.
For example, Yang et al. [41] achieved a Dice value of 0.941
for AA in CT images, but the results on other targets are very
poor. Mortazi et al. [22] can obtain the Dice value of 0.932
for LV in MRI images, but the results of other targets also
seriously lower the average value. Here, we also show the
imbalance among the segmentation results of the 7 targets in
the form of standard deviation in Table 4 and 5. The standard
deviation value of our method can reach 0.019 on CT and
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Segmentation result visualization of TSFM-Net and the ablation networks.
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Figure 10:

AUC and ROC curves of TSFM-Net and the ablation networks.

MRI images. It is superior to the state-of-the-art methods.
As for the huge differences in the segmentation results
of the 7 targets, we believe that this has a lot to do with
the processing of the dataset. For 3D CT and MRI volume
images, slices from three angles can be selected for 2D
experiments. The slices from different angles as the input
images inevitably lead to certain differences in the number
of samples. In addition, the experiments are directly carried
out on 3D images are also different from 2D images. In
these comparative experiments, HFA-Net (DVN, S-DVN)
[45] directly used 3D volume images as the input of the
segmentation network. It is worth noting that, although the
data preprocessing methods are different, our method still

Yuhui Song et al.: Preprint submitted to Elsevier

have the ability to achieve a relatively stable segmentation
performance for all targets without bad segmentation results,
which is the advantage of TSFM-Net using FAM, MLAM
and the two-stage segmentation strategy.

4.4.3. Compared with the benchmark methods
In our method, 𝑆𝑡𝑎𝑔𝑒1 segmentation framework is a
U-shaped structure including feature aggregation module
(FAM) and skip connections. Therefore, we need to reproduce the benchmark segmentation networks such as FCN
[16], U-Net [28], SegNet [1], ResNet50 [12]. Table 6 and
7 show the quantitative segmentation results of these benchmark networks. These benchmark methods are all segmentation based on pixel-level classification, which is very similar
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Comparison of TSFM-Net and the state-of-the-art methods on CT images (Dice).
Method
LV
RV
LA
RA
LV_Myo
Wang et al. [31]
0.837 0.860 0.861 0.862 0.859
Payer et al. [24]
0.918 0.909 0.929 0.888 0.881
Mortazi et al. [22]
0.930 0.888 0.925 0.877 0.898
Yang et al. [41]
0.878 0.778 0.845 0.815 0.819
DVN [45]
0.942 0.891 0.933 0.879 0.908
S-DVN [45]
0.929 0.890 0.914 0.899 0.895
HFA-Net [45]
0.946 0.893 0.925 0.897 0.910
Chen et al. [3]
0.919  0.911  0.877
Gu et al. [11]
0.902 0.938 0.911 0.922
TSFM-Net
0.950
Table 2

0.936

0.951

0.922

0.926

Comparison of TSFM-Net and the state-of-the-art methods on MRI images (Dice).
Method
LV
RV
LA
RA
LV_Myo
Payer et al. [24]
0.916 0.868 0.855 0.881 0.778
Mortazi et al. [22]
0.932 0.884 0.887 0.874 0.825
Yang et al. [41]
0.858 0.819 0.787 0.820 0.742
Shi et al. [30]
0.914 0.880 0.856 0.873 0.811
Galisot et al. [9]
0.897 0.819 0.765 0.808 0.763
Heinrich et al. [13]
0.918 0.871 0.886 0.873 0.781
Chen et al. [3]
0.924  0.805  0.788
Wang et al. [31]
0.881 0.913 0.934 0.922
TSFM-Net
0.910

lP

re
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Table 3

0.974

0.943

0.940

na

0.959

0.938

0.945

PA
0.885
0.840
0.851
0.826
0.824
0.828
0.830

0.837

Mean
0.869
0.900
0.897
0.843
0.905
0.902
0.909
0.909
0.919

0.922

0.940

PA
0.731
0.784
0.698
0.794
0.685
0.804


Mean
0.838
0.851
0.779
0.855
0.778
0.859
0.838
0.912

of

0.951

AA
0.918
0.933
0.909
0.941
0.959
0.956
0.964
0.927
0.973
AA
0.838
0.772
0.726
0.857
0.708
0.878
0.828
0.876

0.935

0.921

0.905

0.934

Comparison of segmentation performance balance on CT Comparison of segmentation performance balance on MRI
images (Standard Deviation).
images (Standard Deviation).
Standard
Standard
Method
Method
Deviation
Deviation
Wang et al. [31]
0.026
Payer et al. [24]
0.063
Payer et al. [24]
0.033
Mortazi et al. [22]
0.059
Mortazi et al. [22]
0.028
Yang et al. [41]
0.058
Yang et al. [41]
0.053
Shi et al. [30]
0.041
DVN [45]
0.046
Galisot et al. [9]
0.072
S-DVN [45]
0.040
Heinrich et al. [13]
0.048
HFA-Net [45]
0.043
Chen et al. [3]
0.061
Chen et al. [3]
0.022
Wang et al. [31]
0.024
Gu et al. [11]
0.044
TSFM-Net
TSFM-Net
Table 5

Jo
ur

Table 4

0.019

0.019

to our method in theory. As can be seen from the quantitative
results in Table 6, the multi-target heart images cannot be
accurately segmented only by the encoding-decoding structure.

Yuhui Song et al.: Preprint submitted to Elsevier

4.4.4. Ablation Study
The proposed two-stage segmentation network is constructed by integrating multiple modules on the basis of
encoder-decoder framework, that is backbone segmentation
network. Hence, it is necessary to verify the effectiveness
of each module on the segmentation performance through
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Comparison of TSFM-Net and the benchmark methods on CT images (Dice±Standard Deviation).
Method
LV
RV
LA
RA
LV_Myo AA
FCN
0.867
0.794
0.881
0.757
0.802
0.857
±0.113
±0.127
±0.068
±0.210
±0.083
±0.134
U-Net
0.900
0.854
0.929
0.862
0.818
0.907
±0.025
±0.053
±0.032
±0.032
±0.051
±0.085
SegNet
0.874
0.730
0.919
0.846
0.806
0.850
±0.068
±0.253
±0.043
±0.034
±0.065
±0.148
ResNet50
0.819
0.830
0.787
0.787
0.757
0.874
±0.055
±0.082
±0.171
±0.089
±0.117
±0.079
TSMLCA-Net
Table 6

PA
0.694
±0.185
0.726
±0.174
0.846
±0.034
0.745
±0.146

Mean
0.807
±0.132
0.857
±0.065
0.839
±0.092
0.800
±0.106

0.936

0.951

0.922

0.926

0.973

0.922

0.940

±0.025

±0.026

±0.022

±0.034

±0.014

±0.012

±0.034

±0.019

PA
0.633
±0.120
0.739
±0.091
0.761
±0.076
0.620
±0.116

Mean
0.667
±0.143
0.783
±0.069
0.801
±0.065
0.698
±0.093

of

0.950

Comparison of TSFM-Net and the benchmark methods on MRI images (Dice±Standard Deviation).
Method
LV
RV
LA
RA
LV_Myo AA
FCN
0.832
0.624
0.652
0.669
0.659
0.601
±0.114
±0.282
±0.079
±0.159
±0.168
±0.080
U-Net
0.898
0.773
0.808
0.785
0.758
0.717
±0.042
±0.117
±0.033
±0.116
±0.032
±0.050
SegNet
0.894
0.792
0.828
0.830
0.758
0.744
±0.035
±0.117
±0.039
±0.070
±0.042
±0.075
ResNet50
0.847
0.673
0.634
0.721
0.744
0.647
±0.089
±0.204
±0.045
±0.062
±0.071
±0.063
TSMLCA-Net
0.943

0.940

na

0.959
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Table 7

±0.012

±0.023

±0.019

0.945

0.910

0.935

0.905

0.934

±0.014

±0.015

±0.021

±0.028

±0.019

Comparison of TSFM-Net and the ablation networks on CT images (Dice±Standard Deviation).
Method
LV
RV
LA
RA
LV_Myo AA
Backbone
0.908
0.911
0.919
0.886
0.874
0.933
±0.051
±0.032
±0.031
±0.039
±0.029
±0.024
Backbone+A
0.939
0.907
0.930
0.888
0.906
0.942
±0.036
±0.047
±0.056
±0.079
±0.048
±0.082
Backbone+A+B
(TSFM-Net)
±
±
±
±
±
±

PA
0.854
±0.056
0.836
±0.188

Mean
0.898
±0.037
0.906
±0.077

0.922

0.940

±0.034

±0.019

Comparison of TSFM-Net and the ablation networks on MRI images (Dice±Standard Deviation).
Method
LV
RV
LA
RA
LV_Myo AA
Backbone
0.928
0.899
0.891
0.904
0.851
0.875
±0.024
±0.039
±0.035
±0.029
±0.025
±0.030
Backbone+A
0.956
0.938
0.935
0.940
0.904
0.931
±0.014
±0.024
±0.022
±0.016
±0.019
±0.016
Backbone+A+B
(TSFM-Net)
±
±
±
±
±
±

PA
0.826
±0.046
0.897
±0.030

Mean
0.882
±0.033
0.928
±0.020

0.905

0.934

±0.028

±0.019

Jo
ur

Table 8

0.950

0.025

0.936

0.026

0.951

0.022

0.922

0.034

0.926

0.014

0.973

0.012

Table 9

0.959

0.012

0.943

0.023
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0.940

0.019

0.945

0.014

0.910

0.015

0.935

0.021
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5. Conclusion
In this paper, a two-stage segmentation network with
feature aggregation and multi-level attention mechanism
(TSFM-Net) is proposed for multi-modality whole heart
image segmentation. For 𝑆𝑡𝑎𝑔𝑒1 segmentation network, we
propose a feature aggregation module (FAM) to supplement the traditional encoder. When extracting multi-level
feature information, the feature validity can be improved
by fusing the advanced feature maps of different levels.
Through the training of 𝑆𝑡𝑎𝑔𝑒1 segmentation network, we
have obtained the bilateral feature maps and sent them into
a multi-level attention mechanism (MLAM), which contains
three bilateral attention modules (BAM). In BAM, the globalmaxpooling layer and the globalaveragepooling layer are
used to compress the multi-level feature maps into feature
vectors, and make the significant parts between them fully
interactive. The output of 𝑆𝑡𝑎𝑔𝑒1 is fused with the multilevel attention maps to form the segmentation masks of
𝑆𝑡𝑎𝑔𝑒2 segmentation network.
To verify the effectiveness of the proposed TSFM-Net
for multi-target image segmentation task, TSFM-Net is applied to whole heart CT and MRI images to segment 7
cardiac substructures. A large number of comparative experiments and ablation studies have proved that TSFM-Net
is more suitable for multi-target image segmentation than
the existing methods. Based on the effective extraction of
multi-level features by FAM, the more attention to multiple
targets by MLAM and the two-stage segmentation strategy, our method not only achieve extremely competitive
segmentation results, but also ensure that the segmentation
performance of multiple targets can be maintained at the
same level.
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ablation studies. We design a feature aggregation module
(FAM) in the encoder to extract multi-scale features. Based
on the diversity of features contained in the intermediate
feature maps, we propose a multi-level attention mechanism
(MLAM) for bilateral feature maps to pay more attention to
targets, so as to reduce the restriction of single scale feature
maps in segmentation guidance. As for these structural
improvements, we demonstrate their effectiveness through
the following ablation experiments.
Table 8 and 9 show the segmentation results of the
ablation networks. The proposed segmentation network is
based on the backbone segmentation network (Backbone),
with
adding two modules of FAM (A) and MLAM (B), called
Backbone+A+B (TSFM-Net). Therefore, we compare TSFMNet with Backbone and Backbone+A.
As can be seen from the quantitative segmentation
results in Table 8 and 9, our method achieves the best
segmentation results on the 7 targets (including the mean
value) for CT and MRI images. Figure 9 randomly visualizes
the segmentation results of our method and the two ablation
methods. All of these methods could achieve good segmentation performance for large-size targets. However, when
the segmentation targets are scattered, TSFM-Net is able
to better capture the boundary regions, while the ablation
methods cannot. This advantage can be well reflected in the
images of the second row. Thus, TSFM-Net could improve
the balance of multiple targets to some extent by using
multi-level attention mechanism, and pay more attention to
small targets and scattered targets. The balance evaluation
of segmentation performance is shown in Table 10.
In order to prove that the proposed method has better
segmentation ability compared with the ablation methods,
ROC curve and AUC value are adopted for further analysis.
As shown in Figure 10, we randomly select the predicted
probability values of several test images and their real
category values to calculate the AUC values and draw the
ROC curve. As can be seen from the figure, the proposed
model has higher AUC values than the other two ablation
models, especially in the segmentation of CT images.
In the whole segmentation framework, we make a detailed design, which is attention fusion module (AFM). To
explore the impact of this detailed design on overall segmentation performance, we adopt the method of removing
this module to verify its effectiveness. As shown in Table
11, “w/o” represents the removal of this module and “w/”
represents the retention of this module. As can be seen from

of

0.019

4.4.5. Visualization of attention maps
When facing with multi-target segmentation task, the
homogeneity among multiple targets seriously affect the
judgment of target category. In particular, the slices as
network input lead to a serious imbalance in the number
of samples, which directly affects the weight bias of the
network in the training process. Thus, we propose a multilevel attention mechanism (MLAM), in attempt to improve
this problem and increase the diversity of attention maps
on scale. Through the action of MLAM, the network pays
more attention to the target regions of each channel and
treats each target channel equally. As shown in Figure 11,
the input and output of MLAM are visualized by feature
maps. For the three resolution feature maps, the attention
mechanism strengthens the target regions or weakens the
non-target regions to some extent. By doing so, the multilevel attention maps we obtained highlights the target areas
on the whole.

ro

0.019

the quantization segmentation results, the role of AFM is
prominent for CT images.

-p

Balance evaluation of segmentation performance (Standard
Deviation).
Method
CT
MRI
Backbone
0.028
0.035
Backbone+A
0.037
0.021
Backbone+A+B
Table 10
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Evaluation of the eect of AFM.
AFM LV
RV
Table 11

CT
0.910
±0.046

LV_Myo AA

0.910
0.046

0.931
±0.034

0.918
±0.054

0.945
±0.025

0.950

0.936

0.951

0.922

0.926

0.973

0.922

0.940

±0.025

±0.026

±0.022

±0.034

±0.012

±0.034

±0.019

0.942
0.023

0.939
±0.022

MRI
0.944
±0.014

±0.014
0.913

0.939

±0.017

±0.014

0.959

0.943

0.940

0.945

±0.012

±0.023

±0.019

±0.014

±

±

0.910
±0.015

0.968
±0.013

Mean

0.945
±0.027
0.958
±0.014

0.919
0.029

PA

0.935
±0.021

±

0.902
0.028

0.934

±

±0.019

0.905

0.934

±0.028

±0.019
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RA

of

w/o
w/

LA

Figure 11:

Visualization of multi-level attention maps.
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