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Abstract
The automated 3D echocardiography segmentation on
left ventricle (LV) is very important for clinical
evaluation of LV function. However, the segmentation is
difficult due to the 3D echocardiography’s challenges,
such as the low signal-to-noise ratio, indistinguishable
boundaries between LV and other heart substructures,
and limited annotation data. This paper aims to propose
a novel method to achieve accurate 3D echocardiography
segmentation on LV, based on a weakly supervised
deformable network. The deformation network was
optimized by generative adversarial constraint and
volume similarity constraint. The proposed framework
was trained and validated on 3D echocardiography
datasets which including 70 patients (35 train patients
and 35 test patients). The results demonstrated the
proposed method is relatively accurate and has potential
for further research and application.

1.

Introduction

Left ventricle (LV) function is important for the
diagnosis
and
treatment
of cardiac disease.
Echocardiography is the most widely used imaging
modality for assessing the cardiac function in clinical
application. Hence, there are many researchers pay
attention to echocardiography segmentation on LV,
especially for 3D echocardiography, which contains more
information comparing with 2D echocardiography.
However, 3D echocardiography segmentation on LV is
still a challenging task because of the inherent problems
of 3D echocardiography: (1) low signal-to-noise ratio,
which makes the low contrast between LV boundaries
and other areas; (2) indistinguishable boundaries between
LV and other heart substructures, which makes achieving
no leakage segmentation difficult; (3) limited annotation
data, which makes achieving accurate segmentation
difficult.
Up to now, researchers have proposed many methods
to segment the LV from echocardiography. There are
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many traditional segmentation methods, such as
deformable methods, statistical methods, machine
learning methods. Deformable methods are the most
widely used methods, which achieves segmentation by
optimizing energy function. These methods can be
classified as snake-based models and level set-based
methods. [1] proposed a fast adaptive B-spline snake,
which combines external forces, adaptive node insertion,
and multiresolution strategy, and avoids the expensive
computation. [2] used an improved level set method to
achieve segmentation. The proposed method was robust
to attenuation artifact by using local phase and local
orientation information. They also used Cauchy kernels to
extract features. [3] proposed pSnakes, which used the 1D
Hilbert transform as external energy, to segment left
ventricle. The commonly used statistical methods are
active shape model and active appearance model, which
all need a large number of labelled information from
experts. Active shape model is based on the statistical
shape model, and active appearance model also integrates
texture model into the statistical shape model. [4]
combined active shape model and active contour model to
achieve the left ventricle segmentation. They used PCA to
achieve shape representation of left ventricle so that there
was no need of the difficult determination of
corresponding landmarks. [5] proposed a fast and fully
automatic LV segmentation of the whole heart cycle. The
proposed method combined B-spline explicit active
surfaces framework and statistical shape models to
achieve accurate segmentation. [6] used active
appearance model, which integrated local edge detector to
the active appearance model, to segment left ventricle on
multi-view and multi-frame. Machine learning methods
are based on a large number of handcrafted features and
also used for LV segmentation. [7] combined structured
random forests and active shape model to achieve
segmentation of left ventricle. [8] used random forest,
which integrated a statistical shape model to provide prior
knowledge to guide the random forest, to achieve
myocardial segmentation. The deformable methods
depend on initialization seriously. The statistical methods
and machine learning methods all need a great deal of
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Figure 1. The proposed weakly supervised deformation network for 3D echocardiography segmentation on left ventricle.
manpower and material resources, which is difficult for
In this paper, we used 3D conditional generative
medical researches. Different from these traditional
adversarial network [12] as the base architecture of the
methods, deep learning methods, which can extract
deformable network. The generator and discriminator
features automatically, have been successfully used for
networks can be other network structure. The 3D
cardiac research [9]. [10] used a dynamic convolutional
generator was used for regression of deformation fields.
neural networks to segment fetal LV. The proposed
In the training process, the generated volume can be
method also used block matching and line matching
acquired by spatial deformation basing on the
method to separate the left ventricle and left atrium. [11]
deformation fields. And the generator is optimized by the
combined convolutional neural network and snake to
volume similarity constraint and GAN constraint. In the
segment LV. They used convolutional neural network to
testing process, the segmentation can be acquired by the
achieve coarse segmentation and then used snake to refine
spatial deformation basing the shared deformation fields,
the segmentation results. However, deep learning
which is common field between the source volume and
methods depend on a large number of training data,
target volume, as well as the source label and
which is difficult for medical image, especially for 3D
segmentation.
echocardiography.
In this paper, the 3D generator was an encoderIn this paper, we proposed a novel and weakly
decoder structure, and had been shown in Figure.2. It uses
supervised deformable network to achieve accurate 3D
a single volume as the input of the network. The single
echocardiography segmentation on LV. The proposed
volume was constructed by concatenating the source
method is three-fold: (1) For the first time, we used
volume and target volume. In the encoder phase, every
weakly supervised deformation network to achieve 3D
3D convolution layer was also followed by a residual
echocardiography segmentation on LV. (2) We designed
module and a max pooling layer. The receptive field sizes
a generative adversarial network (GAN) to achieve
of max pooling layer were 2*2*2 voxels, and the strides
weakly supervised segmentation. (3) Volume similarity
was 2. The decoder structure was constructed by 3D
constraint and GAN constraint were jointed to optimize
convolution layers and 3D deconvolution layers. The
the proposed frame.
receptive field sizes of every deconvolution layer was
2*2*2. Every convolution layer and deconvolution layer
were followed by a BN layer and Relu activation layer.
2.
Methods
The discriminator was a fully convolutional network.
The
inputs of the discriminator are target volume and
The proposed method used weakly supervised
generated volume. The structure of the network had five
deformation network to achieve 3D echocardiography
3D convolution layers. Except the last one convolution
segmentation on LV. In this paper, the weakly supervised
layer, every convolution layer is also followed by a BN
deformation network means that there is no need of labels
layer and Relu activation layer. The last convolution layer
to train the deformation network. In the training process,
was followed by a sigmoid activation layer. The receptive
we only discriminate the consistency of the target volume
field sizes of every convolution layer and max pooling
and the generated volume. There is no need of any
layer were also 3*3*3 voxels and 2*2*2 voxels, and the
annotation. As shown in Figure 1, the proposed method
stride is 2. And the discriminator output the judgement
was based on a generative adversarial network (GAN). It
for the input.
was jointly optimized by GAN constraint and volume
Spatial deformation was based on spatial transformer
similarity constraint.
networks [13]. In this paper, we used the spatial
transformation function in [14] and linear interpolation to
2.1.
Deformation network architecture
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Figure 2. The network of 3D generator.
achieve volume’s deformation. The spatial transformation
based on registration, we used this strategy to achieve our
was differentiable. In the testing process, the generated
segmentation. In this paper, we used the source volume as
deformation fields were used for the segmentation based
the atlas volume and the label of source volume as atlas
on deformation of source label volume.
label. Hence, the deformation fields of target volume and
source volume were also the deformation fields of the
segmentation of target volume and label of source volume.
2.2.
Optimization
In the testing process, the deformation fields can be
regressed by trained deformation network. Then, based on
As shown in Figure 1, GAN constraint and volume
these shared deformation fields and spatial deformation
similarity constraint were used to jointly optimize the
strategy, we achieve segmentation by deforming label of
proposed framework using stochastic gradient descent
source volume.
algorithm. The final optimization object is
(1)
Volume similarity constraint was used to measure the
similarity of generated volume and target volume. In this
paper, we used the normalized mutual information to
model the volume similarity constraint, which has high
robustness for noisy and high intensity variability.
Specifically, the volume similarity constraint is
( ))⁄ (
)
( ( )
(2)
where and
denote the target volume and generated
volume, ( ) and ( ) denote the marginal entropies of
) denotes the joint
and
respectively, (
entropies of and .
GAN constraint was based on image-conditional GAN,
which extracts high frequency features to penalize any
inconformity between generated volume and target
volume. It means that GAN constraint takes advantage of
high frequency features to further refine the generated
volume. Specially, the GAN constraint is

MIN MAX L(G, D)
G

Results

3.1.

Datasets

In this paper, we used 35 training subjects and 35 testing
subjects. Every subject contains end-systole volume (ES)
and end-diastole volume (ED), and all these volumes
were labeled. The datasets were acquired by Philips iE33
using X7-2T. Each volume was normalized into
160*160*160.

3.2.

Metrics

In this paper, we used the evaluation metrics in [15] to
evaluate the proposed method to compare accuracy of the
proposed method and ground truth. Specially, the
evaluation metrics contain mean surface distance (dM),
hausdorff surface distance (dH), modified dice similarity
index (D*).

D

[
( )]
(
)
*
(
( ( )))+(3)
where G denotes generator and D denotes the
discriminator.

2.3.

3.

Segmentation

As the atlas method, which is a segmentation method

3.3.

Experiments results and Discussion

Table 1 showed the segmentation accuracy comparison
between the proposed method and ablation methods on
mean surface distance, hausdorff surface distance and
modified dice similarity index. The statistical results
demonstrate that the proposed method achieved good
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segmentation. Comparing with the ablation methods, the
segmentation result of the proposed method demonstrated
that the proposed volume similarity constraint and GAN
constraint was appropriate. Volume similarity was mainly
used to measure the intensity similarity, and it focused on
Table 1. The segmentation accuracy comparison between
the proposed method (PM) and ablation methods on mean
surface distance, hausdorff surface distance and modified
dice similarity index. (PM-GAN denotes the proposed
method without GAN constraint, PM-VS denotes the
proposed method without volume similarity constraint.)
dM
dH
D*
(mm)
(mm)
(val)
PM-GAN
2.50±0.37
8.95±5.2
0.181
PM-VS
2.35±0.40
8.67±4.7
0.106
PM
1.87±0.39
7.8±4.9
0.094
voxel-level similarity. GAN constraint was used to
measure anatomic structure similarity and intensity
similarity, it focused on the global similarity and high
frequency information. Combining volume similarity
constraint and GAN constraint was better for measuring
the similarity between the target volume and generated
volume from different levels.
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Conclusion
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In this paper, we proposed a weakly supervised
deformable network to achieve 3D echocardiography
segmentation of LV. We used generative adversarial
network to construct the deformation network. The
deformation network was jointly optimized by volume
similarity constraint and GAN constraint. The results
demonstrated the proposed method is relatively accurate
and has potential for further research and application.
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