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a b s t r a c t 

Automatic semantic segmentation in 2D echocardiography is vital in clinical practice for assessing vari- 

ous cardiac functions and improving the diagnosis of cardiac diseases. However, two distinct problems 

have persisted in automatic segmentation in 2D echocardiography, namely the lack of an effective feature 

enhancement approach for contextual feature capture and lack of label coherence in category prediction 

for individual pixels. Therefore, in this study, we propose a deep learning model, called deep pyramid lo- 

cal attention neural network (PLANet), to improve the segmentation performance of automatic methods 

in 2D echocardiography. Specifically, we propose a pyramid local attention module to enhance features 

by capturing supporting information within compact and sparse neighboring contexts. We also propose 

a label coherence learning mechanism to promote prediction consistency for pixels and their neighbors 

by guiding the learning with explicit supervision signals. The proposed PLANet was extensively evalu- 

ated on the dataset of cardiac acquisitions for multi-structure ultrasound segmentation (CAMUS) and 

sub-EchoNet-Dynamic, which are two large-scale and public 2D echocardiography datasets. The experi- 

mental results show that PLANet performs better than traditional and deep learning-based segmentation 

methods on geometrical and clinical metrics. Moreover, PLANet can complete the segmentation of heart 

structures in 2D echocardiography in real time, indicating a potential to assist cardiologists accurately 

and efficiently. 

© 2020 The Author(s). Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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. Introduction 

Cardiovascular diseases are life-threatening illnesses with high 

ortality rates ( Chen et al., 2020 ). Owing to its low-cost, porta- 

ility, and real-time functionality, 2D echocardiography has be- 

ome an invaluable medical imaging tool in current clinical prac- 

ice ( Oktay et al., 2018 ). The segmentation of 2D echocardiographic 

mages plays an important role in clinical routine for doctors to as- 

ess various cardiac functions, such as left ventricle volume, ejec- 

ion fraction, and myocardial mass. Currently, the semi-automatic 

r manual annotation in cardiac ultrasound imaging is a time- 
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onsuming and operator-dependent task, which adversely affects 

he accuracy and efficiency of clinical diagnosis ( Leclerc et al., 

019 ). Hence, there is a considerable demand for automatic and 

ffective segmentation approaches to reduce the workload of car- 

iologists. 

However, multiple intrinsic limitations make the automatic seg- 

entation of echocardiographic images an open and difficult task. 

he low signal-to-noise ratio and speckles hinder the robustness 

f segmentation methods ( Fig. 1 a). Additionally, poor image con- 

rast between the blood pool and myocardium makes it difficult 

o determine the contour of the ventricles. Accurate segmentation 

f the ventricles, especially the left ventricle, is crucial for several 

uantitative measures ( Leclerc et al., 2019 ) ( Fig. 1 b). Moreover, the 

ignificant shape variability of cardiac structures in 2D echocardio- 

raphic images is a crucial test for the generalization of automatic 

egmentation approaches ( Fig. 1 c). 
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Fig. 1. Examples of 2D echocardiographic images with different segmentation chal- 

lenges. (a) Low signal-to-noise ratios and speckles. (b) Low image contrast between 

the ventricle and myocardium. (c) Large shape variability of cardiac structures. 
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Owing to the importance and challenges of segmentation in 

chocardiography mentioned above, the automation of this task 

as been an important research topic in the past decades. For 

raditional segmentation methods based on energy optimization, 

ome prior information forms have been found useful in reg- 

larization for accurate segmentation. They include the shape 

 Davatzikos et al., 2003 ; Pedrosa et al., 2017 ), tissue appear- 

nce ( van Stralen et al., 2014 ; Wang and Smedby, 2014 ), at-

as ( Oktay et al., 2014 ), and cardiac motion ( Smistad and Lind-

eth, 2014 ). Machine learning algorithms based on feature engi- 

eering have also been proposed to segment cardiac structures 

n echocardiography. Leclerc et al. (2017) applied structured ran- 

om forest by incorporating different contextual information of 

ultiple scales to accurately segment the myocardium and left 

entricle. Based on sparse representation and dictionary learn- 

ng, Huang et al. (2014) exploited the spatiotemporal coherence 

f echocardiographic sequences to constrain the estimation of the 

ardiac contour. These traditional methods are usually based on 

andcrafted features or raw echo intensity, whose expressiveness 

inders further accuracy improvements. 

Recently, with the success of deep learning in numerous med- 

cal imaging fields, several researchers have exploited the applica- 

ion of deep learning-based methods on echocardiography segmen- 

ation. Inspired by the effectiveness of prior information in tradi- 

ional algorithms, priors such as shape ( Oktay et al., 2018 ) and at-

as ( Dong et al., 2020 ) have been incorporated into deep learning 

rameworks to provide anatomical structure knowledge, and they 

chieved encouraging improvements compared to models without 

riors. Methods combining deep learning with deformable mod- 

ls have also been developed for two-step ( Carneiro et al., 2012 ; 

eni et al., 2018 ) and one-step ( Nascimento and Carneiro, 2019 ) 

eart structures segmentation. Motion patterns in cardiac ul- 

rasound sequences have been explored by particle filtering 

 Carneiro and Nascimento, 2013 ) and optical flow ( Jafari et al., 

018 ) to maintain the temporal coherence for consistent and accu- 

ate segmentation on different timestam ps. Moreover, several re- 

earchers have focused on utilizing unlabeled ( Carneiro and Nasci- 

ento, 2012 ; Yu et al., 2017 ) and multi-domain ( Chen et al., 2016 )

ata in the training phase to reduce the requirement of deep 

earning-based models for large medical imaging datasets. 

Despite these effort s, two major problems remain unsolved in 

he field of segmentation in echocardiography. First, low-contrast 

etween myocardium tissues and edge dropout are commonplace 

n 2D echocardiography ( Fig. 1 ). Thus, a specific model design is 

equired to enhance the features of low-contrast regions based on 

eighboring contexts while reducing the negative impact of noises. 

econd, the current deep learning-based segmentation methods 

ypically predict the category for each pixel independently. A pre- 

iction for one pixel is made without explicitly considering other 

rediction results of neighboring pixels. Thus, they lack the learn- 

ng mechanism for label coherence between different locations in a 

D echocardiographic image, which is likely to be suboptimal and 

educes segmentation quality ( Chen et al., 2018 ). 
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In the current deep learning framework, the attention mecha- 

ism is a common tool to integrate contexts directly for feature 

nhancement, and its efficacy has been widely proven in several 

esearch fields ( Vaswani et al., 2017 ; Xia et al., 2019 ). Most appli-

ations of the attention mechanism, especially in the field of com- 

uter vision, are global attention, which means that one point in 

he input has access to all the other positions of the input with 

he estimated combination weights. Global attention has been ap- 

lied widely in many studies for feature enhancement ( Bian et al., 

020 ; Lei et al., 2020a ; Wang et al., 2018 ; Xu et al., 2020 ) and in-

ormation fusion of multi-source data ( Wang et al., 2020 , 2019a , 

019b ). It is also important for some deep learning-based algo- 

ithms to utilize global attention for improving the medical in- 

erpretability of network features ( Araújo et al., 2020 ; Guo and 

uan, 2020 ; Stolte and Fang, 2020 ; Wei et al., 2019 ) or local-

zing lesions in a weakly supervised manner ( Lei et al., 2020b ; 

aicas et al., 2019 ; Pesce et al., 2019 ). In contrast, “local attention,”

hich restricts the context in compact and reasonable scales, has 

ot been sufficiently studied in image processing methods. Brain 

cience studies ( Crewther et al., 2007 ; Heinze and Münte, 1993 ) 

ave proven that local attention is crucial and is processed in par- 

llel with global attention via independent neural pathways at the 

arly stages of cortical processing. Local attention has been applied 

uccessfully in several studies on machine translation ( Luong et al., 

015 ), speech recognition ( Mirsamadi et al., 2017 ), and image gen- 

ration ( Gregor et al., 2015 ), achieving significant improvement 

ompared to global attention-based methods. However, in the field 

f semantic segmentation, the successful application of local atten- 

ion is still rare. Currently, in the field of medical image analy- 

is, local attention mainly works with graph neural networks for 

ollecting contextual cues from neighboring regions. For exam- 

le, Khosravan et al. (2019) developed a collaborative CAD sys- 

em to analyze the visual search pattern of radiologists using lo- 

al attention for data sparsification. To segment vessel structures, 

hi et al. (2019) applied local attention to exploit the graphical 

tructure of vessel shape and improved vessel segmentation accu- 

acy. We argue that a properly designed local attention aids the 

egmentation in contour regions, where the association of features 

n the neighborhood is much stronger than features far away from 

he segmentation positions. Moreover, owing to the low signal-to- 

oise characteristics of echocardiography, global attention is prone 

o being overwhelmed by the cumulative imaging noise, which 

an be avoided in local attention by excluding unrelated contexts 

xplicitly. 

Since proposed by Long et al. (2015) , fully convolutional net- 

orks (FCNs) have been the mainstream of deep learning-based 

egmentation methods. The aim of an FCN segmentation is to as- 

ign each pixel with a category independently ( Liu et al., 2018 ), 

hile overlapping the receptive fields of pixels significantly to im- 

rove the efficiency of feedforward and backpropagation computa- 

ions ( Shelhamer et al., 2017 ). As there are strong semantic corre- 

ations among pixels in an image, it is important to enhance label 

greement for similar pixels and label disagreement for dissimi- 

ar pixels in semantic segmentation models. Conditional random 

eld (CRF) and Markov random field (MRF) have been the most 

ommon tools for modeling the joint distribution of labels for pix- 

ls. For example, Chen et al. (2018) proposed introducing CRF in 

he post-processing step to refine the segmentation results of FCN. 

eanwhile, Zheng et al. (2015) and Liu et al. (2018) formulated the 

RF and MRF into FCN, respectively, achieving end-to-end network 

raining and encouraging improvement. However, as a consequence 

f this incorporation, the network training was very slow and com- 

lex. 

In this study, we developed a novel method to enhance label 

onsistency for different pixel pairs. To achieve this, we first an- 

lyzed the challenges that inhibit the segmentation performance 

pen
IR
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f deep learning-based methods in 2D echocardiography. Then, we 

eveloped our proposed method called deep pyramid local atten- 

ion neural network (PLANet) to solve them. Specifically, we parse 

he connection pattern of one pixel with its neighbors in label 

aps as supervision signals to guide the FCN in learning pairwise 

abel correlation explicitly. Meanwhile, the segmentation result is 

pdated by the neighboring prediction with the learned label cor- 

elation as weights. 

Our contributions in this work are summarized as follows: 

1. We propose a pyramid local attention (PLA) module to exploit 

context locality for feature enhancement in contour regions, 

capturing supporting features within compact neighboring con- 

texts under low imaging contrast and high noise. 

2. We propose a novel label coherence learning (LCL) mecha- 

nism to explicitly learn the prediction consistency of pixels and 

their neighbors, which achieves the joint training of unary pixel 

learning and pairwise correlation learning, improving the seg- 

mentation quality in 2D echocardiography. 

3. We evaluate the segmentation performance of the proposed 

PLANet on the cardiac acquisition for multi-structure ultra- 

sound segmentation (CAMUS) ( Leclerc et al., 2019 ) and sub- 

EchoNet-Dynamic ( Ouyang et al., 2020 ) datasets, which are 

two very large-scale and public 2D echocardiography datasets 

( Chen et al., 2020 ). Compared to state-of-the-art methods, 

PLANet achieved better segmentation on geometrical and clin- 

ical evaluation metrics. Moreover, PLANet is efficient and com- 

pletes the cardiac structure segmentation of 2D echocardiogra- 
ig. 2. Overview of the proposed PLANet. (a) Network architecture of PLANet. The inpu

eatures. Features in the context branch are enhanced by the PLA module within neigh

wo branches. The coherence learning branch and LCL module further update the segm

onvolutional block. (c) Feature fusion module. (d) Residual convolutional block. (For inte

he web version of this article.) 

3 

CASIA
 O
phy images in real time, indicating its potential as a tool for 

assisting cardiologists in clinical practice. 

The rest of this paper is organized as follows: Section 2 illus- 

rates the details of the backbone network of PLANet, proposed PLA 

odule, LCL mechanism, and training methods. Section 3 presents 

ur experimental settings and results, and we discuss the proper- 

ies of the proposed PLANet in Section 4 . The conclusions are pre- 

ented in Section 5 . 

. Methodology 

In this work, given a 2D echocardiographic image as input, the 

roposed PLANet estimates the segmentation results for the left 

entricle endocardium and myocardium, where the size of the seg- 

entation output is the same as the input. As illustrated in Fig. 2 ,

he backbone network extracts deep semantic features for the in- 

ut. A primary category estimation is then assigned for each pixel 

eparately, using the PLA module for feature enhancement within 

he compact and sparse neighboring contexts. Finally, in the pro- 

osed LCL mechanism, the primary segmentation result of one 

ixel is propagated by the coherence with the neighboring pixels, 

here the coherences are estimated in advance by the network. 

LANet is described in detail in the following subsections. 

.1. Backbone network 

It is important for semantic segmentation models to preserve 

nough spatial information while offering a sufficiently large re- en
IR
t image is passed into context and spatial branches to extract different types of 

boring contexts. Primary segmentations are predicted by fusing the features from 

entations, while considering the label coherence between different regions. (b) 

rpretation of the references to colour in this figure legend, the reader is referred to 

p
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eptive field. Spatial information ensures detail sharpness in the 

egmentation, and a large receptive field ensures the correctness 

f the assigned category. In this work, we adopted the design phi- 

osophy of BiSeNet ( Yu et al., 2018 ) for building the backbone net-

ork, and made necessary modifications to fit the characteristics 

f echocardiographic images. 

BiSeNet comprises a spatial branch and context branch, which 

xtract the necessary spatial details and abundant semantic fea- 

ures, respectively. ResNet34 ( He et al., 2016 ), pretrained on Ima- 

eNet, was adopted in the context branch as the feature extrac- 

or. Cardiac structures, such as the left ventricle, are larger in 2D 

chocardiography than the objects in natural images of the same 

ize. Hence, we doubled the dilation of the convolutional layers in 

he last residual block of ResNet34 to expand the receptive field of 

he context branch. In the spatial branch, two residual blocks used 

n the last two layers reduce the vanishing of training gradients 

nd loss of spatial details ( Peng et al., 2017 ). The output feature

ap size of the spatial branch is 1/8 of the original image. 

To fully capture the multi-scale spatial details, we extracted 

he network features with different resolutions from the output 

f three layers in the spatial branch. The semantic contextual fea- 

ures from the context branch were then merged with the three 

patial features by a dedicated feature fusion module (FFM), and 

hree temporary segmentation results S ′ 1 , S ′ 2 and S ′ 3 , respectively, 

ere predicted. Channel attention ( Hu et al., 2019 ) was applied 

n the FFM to model the interdependencies between the channels 

f merged features. A primary segmentation map Swas learned by 

 = ( S ′ 1 + S ′ 2 + S ′ 3 ) / 3 . 

.2. Pyramid local attention 

Empirically, the feature coherence of one pixel and its neigh- 

oring region is considerably stronger compared to the distant re- 

ions. The widely used global attention mechanism compares the 

eature affinity of one point with all other positions indiscrimi- 

ately, which disperses the distribution of attention and leads to 

oarser-grained features ( Li et al., 2018 ). Moreover, as the signal- A 
ig. 3. Schema of the PLA module. (a) In local attention, feature affinities for the centra

he features in the central positions are enhanced by collecting contextual features with 

parsities as PLA module. We take sampling position number d = 3 and sampling stride s 

4 

CASI
o-noise of echocardiography is lower than that of other medical 

maging methods, such as CT or MRI (Chen et al., 2019), meaning- 

ul information might be weakened by the stacked noise. There- 

ore, we proposed a PLA module to enhance features within re- 

tricted and reasonable contexts to overcome the shortcomings of 

he traditional global attention. 

The semantic features F are extracted from the context branch 

f the backbone network, where F ∈ R 

c×h ×w ; c, h , and w represent

he number of channels, height, and width of feature F , respec- 

ively. We now describe the local attention (LA) applied on fea- 

ure F ( Fig. 3 a). To save computation in the attention mechanism, 

mbedding functions f and g project feature F into two new fea- 

ure spaces to reduce the channel dimension of F . Here, we imple- 

ented functions f and g as convolutional layers with 1 × 1 ker- 

els. The feature affinity for a pair of feature positions p 1 and p 2 is 

efined as follows: 

 ( p 1 , p 2 ) = f ( F p 1 ) , f ( F p 1 ) (1) 

In (1), � represents the dot product. The sampling of feature 

osition p 2 is constrained within the region of �( p 1 ; d, s ) , where 

p 1 is the center of the sampling region, d is the number of sam- 

ling positions along each axis, and s is the sampling stride, which 

s the minimum distance between two available sampling posi- 

ions. Thus, we defined a compact and sparse neighboring region 

or the local attention mechanism in this study. The feature affini- 

ies a within one sampling region �are then normalized as atten- 

ion weights ˆ a by the softmax function: 

ˆ 
 ( p 1 , p 2 ) = 

exp ( a ( p 1 , p 2 ) ) ∑ 

p∈ �( p 1 ;d,s ) exp ( a ( p 1 , p ) ) 
(2) 

With the introduction of normalization, the more related fea- 

ures are strengthened while unrelated features are weakened to 

ontribute less when incorporating the contextual information for 

osition p 1 . Further, the feature in position p 1 is enhanced by the 

ontextual features in �with the corresponding attention weights 

pen
IR
l positions are estimated within compact and sparse neighboring contexts. Then, 

attention weights. (b) We combine multiple local attention modules with different 

= 2 as examples in this figure. 
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Fig. 4. LCL mechanism. (a) Design of the convolution kernel for label coherence parsing. (b) Parsed label coherence E for position pwithin a neighboring region. (c) Design of 

LCL module for updating segmentations with estimated coherences C . We take kernel size k = 3 , dilation m = 3 , and category number n = 2 as examples in this figure. 
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ˆ  : 

ˆ 
 p 1 = 

∑ 

p∈ �( p 1 ;d,s ) 

ˆ a ( p 1 , p ) g ( F p ) (3) 

Inspired by Vaswani et al. (2017) , we adopted multi-head local 

ttention in our study; consequently, the final enhanced feature of 

ocal attention LA (F ) is the concatenation of results from multiple 

ndependent local attentions L A i (F ) : 

A ( F ) = Concat ( L A 1 , L A 2 , . . . , L A h ) (4) 

here we used four heads of local attention in our experiments. 

Owing to the significant size variability of cardiac structures 

ithin the population ( Leclerc et al., 2019 ), one local attention can 

nly cover a fraction of possible cases. Therefore, we processed the 

emantic feature F in a pyramid of local attentions with differ- 

nt sampling strides s = ( 2 , 4 , 8 ) . In this way, we maintained the 

enefits of local attention while being robust for the segmentation 

f multi-sized heart structures. As illustrated in Fig. 3 b, in paral- 

el with the PLA, we applied global average pooling for capturing 

mage-level features and a plain convolution layer for maintaining 

he finest-grained features ( Chen et al., 2017 ). 

.3. Label coherence learning mechanism 

Most semantic segmentation methods predict the category 

or each pixel independently without an explicit mechanism 

o learn the label coherence for one pixel and its neighbors 

 Taghanaki et al., 2020 ). This approach is suboptimal and prone 

CAS
5 
o poor contour delineation and scattered spurious regions in the 

egmentation results ( Zheng et al., 2015 ). Therefore, in this present 

tudy, we proposed a novel LCL mechanism to solve this problem. 

The aim of LCL is to consider the semantic consistency within 

eighbors when assigning a category for each position. To lead 

he network to explicitly learn the consistency between pix- 

ls, we designed specific supervision signals based on the seg- 

entation label maps. We first converted the segmentation la- 

el map L ∈ R 

1 ×h ×w with n segmentation categories into a tensor 

 ∈ R 

n ×h ×w , making the label of each position in V a one-hot vec- 

or. A specific convolution layer with manually determined kernel 

 ∈ R 

k 2 ×1 ×k ×k was applied to parse the label coherence for pixel 

p 1 in the neighboring context �( p 1 ; k, m ) , where k represents the 

umber of sampling positions along each axis, whose coherence 

equires consideration with the center of neighboring context re- 

ion � , and the sampling stride m represents the minimum dis- 

ance between sampling positions ( Fig. 4 a). The determination of 

ernel K was as follows: 

K ( i, 1 , i/k, i mod k ) = 1 i ∈ 

(
1 , 2 , . . . , k 2 

)
 ( : , : , k/ 2 , k/ 2 ) = K ( : , : , k/ 2 , k/ 2 ) + 1 

(5) 

here � indicates the rounding down and mod represents the 

odulus operation. We convolved each channel of the transformed 

egmentation map V with kernel K separately, and the factor m in 

( p; k, m ) was used as the dilation of the convolution. Each value 

n the convolution result E ∈ R 

n ×k 2 ×h ×w was binarized to indicate 

hether the sampling position possesses the same foreground cat- 

gory with the center position of a neighboring region: non-zero 
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epresents the same category, and zero represents a different cate- 

ory or both are background category ( Fig. 4 b). 

Further, we added an extra coherence learning branch for the 

rediction of label coherence, which is in parallel with the pre- 

iction of primary segmentation S. The coherence learning branch 

onsisted of four convolutional layers, with kernel of 3 and dila- 

ion of 2 for the first three layers to offer lar ge sufficient receptive

elds. For the last convolution layer, the number of output chan- 

el was set as n k 2 , the kernel size as k , and dilation as m , keeping

he same parameters of the segmentation label maps parsing. The 

utput vector for each position pconcatenated the estimation of all 

abel coherences C l ( p, p i ) with the corresponding neighboring posi- 

ions p i under all categories l. We supervised the prediction of the 

oherence learning branch by the coherence labels E for learning 

xpected results. 

With the estimation of label coherence for pairs of positions, 

e propagated the segmentation S l (p) of one position punder cat- 

gory lwithin its neighboring context �( p; k, m ) ( Fig. 4 c). Specif- 

cally, the primary segmentations of position pwere updated 

y the segmentation combination of the sampling positions in 

( p; k, m ) , with the weights as the corresponding coherence 

trength C l ( p, p i ) predicted by the coherence learning branch: 

ˆ 
 l ( p ) = 

1 

N 

∑ 

p i ∈ �( p;k,m ) 

S l ( p i ) C l ( p, p i ) (6) 

here the normalization factor N = 

∑ 

p i ∈ �( p;k,m ) C l ( p; p i ) , and 

ˆ 
 l (p) is the updated segmentation for position punder category l. 

he updated segmentation 

ˆ S l was supervised in the training phase 

long with the primary segmentation S l . In this way, we connected 

he segmentation predictions across different positions with an 

xplicit supervision signal to guide the efficient label coherence 

earning. 

.4. Training of PLANet 

In this work, we are required to learn two kinds of pre- 

iction tasks: semantic segmentation and label coherence learn- 

ng. For the segmentation task, we adopted deep supervision ( AI- 

arazanchi et al., 2016 ) to train the proposed PLANet. A principle 

oss function L SP was used to supervise the learning of updated seg- 

entation 

ˆ S l , and multiple auxiliary loss functions L SA guided the 

earning of three temporary segmentations S ′ 
1 
, S ′ 

2 
, and S ′ 

3 
. Both 

 SP and L SA are cross-entropy loss functions: 

 SP = L SA = − 1 

N 

N ∑ 

i =1 

L ( p i ) log 

( 

exp ( S ( p i ) ) ∑ N 
j=1 exp 

(
S 
(

p j 
))

) 

(7) 

here Nis the total number of pixels in segmentation map S, and 

 is the ground truth of the segmentation. 

For the label coherence learning task, we adopted the binary 

ross-entropy loss function L C to supervise the coherence estima- 

ion Cwith label Eparsed from the segmentation label maps, as de- 

cribed in Section 2.3 . 

The total loss function Loss for PLANet is the joint loss of L SP , 

hree L SA s, and L C : 

oss = L SP + α · ( L SA 1 + L SA 2 + L SA 3 ) / 3 + β · L C (8) 

here αand βbalance the weights of the three loss items. αand 

in our experiments are equal to 0.5 empirically. As the segmenta- 

ion label maps in L SP and L SA are the same size as the input image, 

nd the label coherences E in L C are created by convolution run on 

PU, the labels used in our study can be generated conveniently 

nd efficiently. 

We trained the proposed PLANet using a mini-batch stochas- 

ic gradient descent (SGD) solver, with momentum 0.9, weight de- 

ay 10 −4 , and batch size 24. We trained PLANet with 500 epochs. 

CASIA
 

6 
efore the network training, we warmed up the model by freez- 

ng the parameters of ResNet34 and pre-training other parame- 

ers by 20 epochs with a learning rate of 10 −4 . We resized the 2D 

chocardiographic image to 512 × 512 before inputting it to PLANet. 

he learning rate was decayed in a cosine annealing schedule from 

0 −1 to 10 −4 . As the memory-consumption in the training phase 

as greater than the total memory of our hardware, we adopted 

 training trick of cumulating backward computing gradients twice 

efore updating the network weights and clearing the gradients. 

e set the decay of batch normalization parameters as 0.9997, 

s suggested in DeepLabv3 ( Chen et al., 2017 ). We further ap- 

lied data augmentation by random horizontal flip, random rota- 

ion from −20 ° to 20 °, random scaling of the input image from 0.7 

o 1.3, and random translation from −0.3 to 0.3. 

The experiments were conducted on one computer equipped 

ith an Intel I9–9900 K 3.6 GHz CPU, two NVIDIA TITAN V GPUs, 

nd 64 GB RAM. We implemented the proposed PLANet in Python 

v. 3.6) with the PyTorch (v. 1.3.0) toolkit ( Paszke et al., 2017 ).

pecifically, the operations of neighboring context sampling in PLA 

nd LCL modules are achieved by the Fold and Unfold functions 

n PyTorch. Our PLANet with GPU implementation runs at 61fps in 

he inference of segmentation using a single thread. 

. Experiment settings and results 

.1. Data 

CAMUS dataset: We evaluated the proposed PLANet on the 

AMUS dataset ( Fig. 5 a), which is an open large-scale dataset in 

D echocardiography ( Leclerc et al., 2019 ). CAMUS maintains a 

ide heterogeneity of image quality and pathological cases to 

reserve the clinical realism. Five hundred patients were enrolled 

n the CAMUS dataset. The organizers categorized the patients 

ased on image quality into Good (175), Medium (230), and Poor 

95). Echocardiographic images were acquired from GE Vivid E95 

ltrasound scanners with GE M5S probe. The apical four-chamber 

nd two-chamber view sequences were exported for each patient 

nd annotated manually at end diastole (ED) and end systole (ES). 

hus, there are 20 0 0 echocardiographic images in CAMUS dataset. 

ardiac structures with manual annotations are left ventricle 

ndocardium (LV Endo ) and myocardium (LV Epi ). Three cardiologists 

articipated in the manual annotation for the 2D echocardio- 

raphic images in the CAMUS dataset, and they strictly followed 

he same segmentation protocol. The annotations of 50 patients 

n the CAMUS dataset are not accessible, and their segmentations 

eed to be evaluated online. Please refer to Leclerc et al. (2019) for 

ore detailed information about the CAMUS 

ataset. 

sub-EchoNet-Dynamic dataset: We built a new cardiac im- 

ge segmentation dataset by randomly sampling 2500 echocardio- 

ram videos from EchoNet-Dynamic ( Ouyang et al., 2020 ), which 

s a large-scale public dataset for assessing cardiac functions. We 

amed the new dataset as sub-EchoNet-Dynamic ( Fig. 5 b). The 

istributions of enrolled population between CAMUS and sub- 

choNet-Dynamic are different (Figure S1). The ratio of population 

n pathological risk in CAMUS is higher than that in sub-EchoNet- 

ynamic (Table S1). The ultrasound machines used to acquire the 

ata in sub-EchoNet-Dynamic include Acuson SC20 0 0, Epiq 5 G, 

piq 7C, iE33, and Sonos ( Ouyang et al., 2020 ). In sub-EchoNet- 

ynamic, one apical four-chamber sequence was exported for each 

atient and saved as an AVI file for privacy protection. LV Endo and 

V Epi at ED and ES were annotated manually by experienced car- 

iologists and checked carefully by one neutral observer. We ex- 

racted the frames at ED and ES for the experiment in this work. 

he dataset was randomly divided into training, validation, and 

esting datasets with 160 0, 40 0, and 50 0 patients, respectively. 

pen
IR
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Fig. 5. Annotation examples of the CAMUS dataset (a) and sub-EchoNet-Dynamic dataset (b). The red and yellow lines represent the contours of left ventricle and my- 

ocardium, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

P

p

o

S

3

t

p

(  

o

e

u

d  

m

S

o

D

m

d

m

a

d

d

a

c

(

c

L

c  

t

m

3

s

p

h

a

i

s

S

b

i

M

s

n

t

T

i

n

p

s

c

w

n  

i

m

w

i

t

h

g

l

O
nIR
lease refer to Ouyang et al. (2020) for a more detailed design 

rotocol of the EchoNet-Dynamic dataset. The main characteristics 

f the CAMUS and sub-EchoNet-Dynamic datasets are given in the 

upplementary Materials. 

.2. Evaluation metrics 

We used geometrical and clinical metrics to quantita- 

ively evaluate the segmentation performance of the pro- 

osed PLANet, which are all well reported in the literature 

 Chen et al., 2020 ; Leclerc et al., 2019 ). Based on the suggestion

f Leclerc et al. (2019) , cardiac images with poor quality were 

xcluded in the performance evaluation as they are clinically 

seless. 

The geometrical metrics contain the Dice ( D ), mean absolute 

istance ( d m 

), and 2D Hausdorff distance ( d H ). The Dice metric D

easures the overlap ratio between the automatic segmentation 

 m 

by methods and ground-truth of manual annotations S g by cardi- 

logists. The measurements were rated from 0 (worst) to 1 (best). 

 ( S g , S m 

) = 2 | S g ∩ S m 

| / ( | S g | + | S m 

| ) (9) 

d m 

measures the mean surface distance between automatic seg- 

entations and annotations, and d H corresponds to the maximum 

istance between the contours of automatic segmentations and 

anual annotations. When the values of d m 

and d H are lower, the 

utomatic segmentation is better. 

 m 

( S g , S m 

) = max 

(
1 

| S g | 
∑ 

a ∈ S g 
min 

b∈ S m 
a − b, 1 

| S m | 
∑ 

b∈ S m 
min 

a ∈ S g 
b − a 

)

 H ( S g , S m 

) = max 

(
max 
a ∈ S g 

min 

b∈ S m 
a − b, max 

b∈ S m 
min 

a ∈ S g 
b − a 

) (10) 

The geometrical metrics for echocardiographic images in ED 

nd ES were measured separately. 

Three clinical indices are frequently used by cardiologists in 

linical practice: volume of the left ventricle in both ED and ES 

LV EDV and LV ESV ) and ejection fraction (LV EF ). LV EDV and LV ESV are 

omputed with the Simpson’s rule. 

 V EF = ( L V EDV − L V ESV ) / L V EDV (11) 

CASIA
 

7 
In this study, the clinical metrics were the Pearson correlation 

oefficient ( corr ), mean bias ( bias ), and standard deviations ( σ ) of

he three clinical indices, respectively. We computed the clinical 

etrics for the patients with accessible annotations. 

.3. Ablation experiments 

We investigated the contributions of each component to the 

egmentation performance of the proposed PLANet. We also ex- 

lored the impact of some important hyper-parameters on the be- 

avior of PLANet. In the ablation experiments, the patients with 

nnotations in CAMUS dataset were randomly divided into train- 

ng (350) and evaluation (100) datasets. All the methods in this 

ubsection were trained under the same settings described in 

ection 2.4 . We determined the model with the best performance 

y voting on all metrics. The full details of the ablation exper- 

ments on the two datasets are presented in the Supplementary 

aterials. 

Ablation for PLA module: We investigated the influence of the 

ampling number dand sampling stride s on the PLA. The sampling 

umber ddefines the size of the neighboring context of PLA while 

he sampling stride s controls the sparsities of the local attentions. 

he network structure contained only backbone network and PLA 

n this experiment. First, we fixed d = 3 to compare the effective- 

ess of PLA with different sampling strides s . The segmentation 

erformances under various values of s are listed in Table 1 . “Too 

parse” or “too dense” is harmful for the PLA to collect neighboring 

ontexts efficiently, and s = ( 2 , 4 , 8 ) is the best combination in this 

ork. Then, we set s = ( 2 , 4 , 8 ) and tested the optimum sampling 

umber d. As shown in Table 2 , restricting the size of a neighbor-

ng context improves the segmentation performance. The improve- 

ent reaches its peak when d = 5 , after which it worsens slightly 

hen d = 3 , indicating the insufficiency of contextual information 

n this case. 

Ablation for LCL mechanism: It is important to properly adjust 

he scale of context and sparsity for the LCL mechanism. The co- 

erence labels are full of homogeneity when the neighboring re- 

ions are too narrow and dense. Likewise, a setting that is too 

arge and sparse makes the learning task extremely easy, as the 

pe
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Table 1 

Segmentation performance for LV Endo and LV Epi under different sampling strides of PLA. 

Sampling strides ∗ ED ES 

D d m (mm) d H (mm) D d m (mm) d H (mm) 

LV Endo (2,4,6) 0.949 ±0.020 1.31 ±0.48 4.37 ±1.72 0.921 ±0.042 1.49 ±0.68 4.88 ±1.86 

(2,4,8) 0.950 ±0.018 1.29 ±0.44 4.42 ±1.76 0.926 ±0.033 1.39 ±0.57 4.49 ±1.53 

(2,6,8) 0.948 ±0.018 1.33 ±0.47 4.21 ±1.78 0.923 ±0.038 1.47 ±0.63 4.76 ±1.82 

(2,4,10) 0.947 ±0.021 1.31 ±0.53 4.55 ±2.11 0.917 ±0.043 1.58 ±0.75 4.91 ±1.76 

LV Epi (2,4,6) 0.955 ±0.014 1.65 ±0.57 5.22 ±2.25 0.943 ±0.023 1.89 ±0.77 5.13 ±1.84 

(2,4,8) 0.956 ±0.015 1.67 ±0.59 5.23 ±2.49 0.945 ±0.021 1.87 ±0.77 5.07 ±1.66 

(2,6,8) 0.955 ±0.015 1.71 ±0.63 5.18 ±2.50 0.942 ±0.022 1.96 ±0.73 5.24 ±1.71 

(2,4,10) 0.952 ±0.016 1.75 ±0.57 5.35 ±2.79 0.941 ±0.023 1.88 ±0.75 5.12 ±1.78 

∗ ED: end diastole; ES: end systole; D : Dice; d m : mean absolute distance; d H : Hausdorff distance; LV Endo : endo- 

cardial contour of the left ventricle; LV Epi : epicardial contour of the left ventricle. 

Table 2 

Segmentation performance for LV Endo and LV Epi under different sampling sizes of PLA. 

Sampling sizes ED ES 

D d m (mm) d H (mm) D d m (mm) d H (mm) 

LV Endo 3 0.950 ±0.018 1.29 ±0.44 4.42 ±1.76 0.926 ±0.033 1.39 ±0.57 4.49 ±1.53 

5 0.953 ±0.020 1.25 ±0.50 4.39 ±1.86 0.927 ±0.035 1.37 ±0.58 4.42 ±1.74 

7 0.951 ±0.017 1.27 ±0.41 4.48 ±1.69 0.925 ±0.033 1.42 ±0.58 4.72 ±1.84 

9 0.948 ±0.019 1.31 ±0.47 4.46 ±1.74 0.921 ±0.037 1.48 ±0.61 4.71 ±1.81 

LV Epi 3 0.956 ±0.015 1.67 ±0.59 5.23 ±2.49 0.945 ±0.021 1.87 ±0.77 5.07 ±1.66 

5 0.958 ±0.014 1.66 ±0.62 4.99 ±2.16 0.946 ±0.022 1.90 ±0.78 5.15 ±1.92 

7 0.956 ±0.014 1.59 ±0.57 5.15 ±2.16 0.944 ±0.021 1.93 ±0.71 5.07 ±1.63 

9 0.955 ±0.015 1.72 ±0.59 5.27 ±2.46 0.942 ±0.024 1.97 ±0.82 5.32 ±1.75 

Table 3 

Segmentation performance for LV Endo and LV Epi under different sampling strides of LCL mechanism. 

Sampling strides ED ES 

D d m (mm) d H (mm) D d m (mm) d H (mm) 

LV Endo 12 0.944 ±0.025 1.42 ±0.61 4.65 ±2.03 0.913 ±0.042 1.60 ±0.61 5.05 ±2.12 

14 0.950 ±0.022 1.31 ±0.55 4.39 ±1.87 0.918 ±0.046 1.52 ±0.65 4.88 ±2.21 

16 0.951 ±0.017 1.26 ±0.41 4.37 ±1.68 0.920 ±0.031 1.37 ±0.52 4.56 ±1.68 

18 0.951 ±0.019 1.29 ±0.48 4.35 ±1.71 0.917 ±0.037 1.46 ±0.61 4.72 ±2.00 

LV Epi 12 0.951 ±0.015 1.60 ±0.67 5.13 ±2.77 0.942 ±0.022 1.79 ±0.72 5.26 ±2.05 

14 0.953 ±0.015 1.57 ±0.62 5.05 ±2.62 0.943 ±0.023 1.86 ±0.82 5.28 ±2.11 

16 0.955 ±0.014 1.59 ±0.59 4.92 ±2.24 0.945 ±0.023 1.84 ±0.74 5.21 ±1.84 

18 0.953 ±0.013 1.61 ±0.58 5.03 ±2.15 0.944 ±.0.025 1.82 ±0.76 5.30 ±1.87 

Table 4 

Segmentation performance for LV Endo and LV Epi under different sampling sizes of LCL mechanism. 

Sampling sizes ED ES 

D d m (mm) d H (mm) D d m (mm) d H (mm) 

LV Endo 3 0.950 ±0.020 1.31 ±0.48 4.39 ±1.59 0.919 ±0.041 1.49 ±0.64 4.87 ±2.11 

5 0.951 ±0.017 1.26 ±0.41 4.37 ±1.68 0.920 ±0.031 1.37 ±0.52 4.56 ±1.68 

7 0.952 ±0.018 1.26 ±0.45 4.34 ±1.65 0.924 ±0.037 1.47 ±0.61 4.51 ±1.77 

9 0.950 ±0.020 1.28 ±0.49 4.38 ±1.61 0.918 ±0.038 1.53 ±0.64 4.83 ±1.94 

LV Epi 3 0.954 ±0.013 1.65 ±0.55 4.95 ±2.03 0.943 ±0.023 1.85 ±0.75 5.25 ±1.94 

5 0.955 ±0.014 1.59 ±0.59 4.92 ±2.24 0.945 ±0.023 1.84 ±0.74 5.21 ±1.84 

7 0.957 ±0.013 1.63 ±0.60 5.05 ±2.02 0.947 ±0.024 1.80 ±0.80 5.13 ±1.82 

9 0.955 ±0.015 1.67 ±0.63 5.15 ±2.12 0.944 ±0.025 1.94 ±0.78 5.43 ±2.04 
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issimilarities of most connected pixel pairs are significantly clear. 

n this experiment, we tested the influence of different context 

cales k and sparsity values m on the segmentation performance of 

he network. We used the model structure composed of the back- 

one network and the LCL mechanism. Similar to the ablation for 

LA, we fixed the context scale to k = 5 and evaluated the per-

ormance under the sparsity m = ( 12 , 14 , 16 , 18 ) . The performances 

re summarized in Table 3 . The proper sparsity m = 16 was deter-

ined empirically. Then, we investigated the effect of the context 

cale when k = ( 3 , 5 , 7 , 9 ) and m = 16 . The results shown in Table 4

ndicate that the best context scale is k = 7 under our experimental 

ettings. 
8 
Ablation for the contribution of each component: We tested 

he performance improvement when adding components step-by- 

tep. Different components have different levels of performance 

ontributions to PLANet. We also evaluated the performances when 

he PLA was replaced by atrous spatial pyramid pooling (ASPP) or 

ulti-head global attention (GA). In this way, we compared the 

LA module against the plain convolution and global attention. 

ased on the results of the ablation experiments for PLA and LCL 

odules, we set d = 5 , s = ( 2 , 4 , 8 ) for PLA and k = 7 , m = 16 for

CL in this experiment. The segmentation accuracy of all the mod- 

ls in this experiment is listed in Table 5 . A significant improve- 

ent can be observed with the addition of the PLA and LCL on the 
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Table 5 

Detailed performance contributions of each component in our proposed PLANet. 

Methods ∗ ED ES 

D d m (mm) d H (mm) D d m (mm) d H (mm) 

LV Endo BN 0.942 ±0.028 1.48 ±0.69 4.89 ±2.27 0.913 ±0.042 1.60 ±0.69 5.12 ±1.93 

BN + ASPP 0.947 ±0.023 1.35 ±0.57 4.53 ±1.96 0.919 ±0.041 1.53 ±0.71 4.81 ±1.70 

BN + GA 0.948 ±0.019 1.34 ±0.48 4.51 ±1.87 0.920 ±0.044 1.59 ±0.68 4.77 ±1.86 

BN + PLA 0.953 ±0.020 1.25 ±0.50 4.39 ±1.86 0.927 ±0.035 1.37 ±0.58 4.42 ±1.74 

BN + LCL 0.952 ±0.018 1.26 ±0.45 4.34 ±1.65 0.924 ±0.037 1.47 ±0.61 4.51 ±1.77 

PLANet 0.955 ±0.016 1.21 ±0.46 4.06 ±1.82 0.932 ±0.029 1.30 ±0.52 4.21 ±1.54 

LV Epi BN 0.953 ±0.017 1.78 ±0.71 5.71 ±2.54 0.937 ±0.029 2.14 ±0.97 5.82 ±2.18 

BN + ASPP 0.955 ±0.015 1.71 ±0.58 5.71 ±2.39 0.943 ±0.024 2.08 ±0.79 5.41 ±2.06 

BN + GA 0.954 ±0.014 1.73 ±0.61 5.32 ±2.38 0.944 ±0.026 2.01 ±0.82 5.21 ±1.69 

BN + PLA 0.958 ±0.014 1.66 ±0.62 4.99 ±2.16 0.946 ±0.022 1.90 ±0.78 5.15 ±1.92 

BN + LCL 0.957 ±0.013 1.63 ±0.60 5.05 ±2.02 0.947 ±0.024 1.80 ±0.80 5.13 ±1.82 

PLANet 0.961 ±0.014 1.62 ±0.62 5.02 ±2.34 0.952 ±0.022 1.82 ±0.71 4.98 ±1.71 

∗ BN: backbone network; ASPP: atrous spatial pyramid pooling; GA: multi-head global attention; PLA: pyramid 

local attention; LCL: label coherence learning mechanism; PLANet: pyramid local attention network. 

Table 6 

Performance comparison of PLANet against existing methods on geometrical metrics on the CAMUS dataset. 

Methods ED ES 

D d m (mm) d H (mm) D d m (mm) d H (mm) 

LV Endo SRF 0.895 ±0.074 2.8 ± 3.6 11.2 ± 10.2 0.848 ±0.137 3.6 ± 7.8 11.6 ± 13.6 

BEASM-fully 0.879 ±0.065 3.3 ± 1.8 9.2 ± 4.9 0.826 ±0.137 3.8 ± 2.1 9.9 ± 5.1 

BEASM-semi 0.920 ±0.039 2.2 ± 1.2 6.0 ± 2.4 0.861 ±0.070 3.1 ± 1.6 7.7 ± 3.2 

U-Net 1 0.934 ±0.042 1.7 ± 1.0 5.5 ± 2.9 0.905 ±0.063 1.8 ± 1.3 5.7 ± 3.7 

U-Net 2 0.939 ±0.043 1.6 ± 1.3 5.3 ± 3.6 0.916 ±0.061 1.6 ± 1.6 5.5 ± 3.8 

ACNN 0.932 ±0.034 1.7 ± 0.9 5.8 ± 3.1 0.903 ±0.059 1.9 ± 1.1 6.0 ± 3.9 

SHG 0.934 ±0.034 1.7 ± 0.9 5.6 ± 2.8 0.906 ±0.057 1.8 ± 1.1 5.8 ± 3.8 

U-Net ++ 0.927 ±0.046 1.8 ± 1.1 6.5 ± 3.9 0.904 ±0.060 1.8 ± 1.0 6.3 ± 4.2 

PLANet 0.951 ±0.018 1.3 ± 0.5 4.2 ± 1.4 0.931 ±0.032 1.4 ± 0.6 4.3 ± 1.5 

LV Epi SRF 0.914 ±0.057 3.2 ± 2.0 13.0 ± 9.1 0.901 ±0.078 3.5 ± 4.7 13.0 ± 11.1 

BEASM-fully 0.895 ±0.051 3.9 ± 2.1 10.6 ± 5.1 0.880 ±0.054 4.2 ± 2.0 11.2 ± 5.1 

BEASM-semi 0.917 ±0.038 3.2 ± 1.6 8.2 ± 3.0 0.900 ±0.042 3.5 ± 1.7 9.2 ± 3.4 

U-Net 1 0.951 ±0.024 1.9 ± 0.9 5.9 ± 3.4 0.943 ±0.035 2.0 ± 1.2 6.1 ± 4.1 

U-Net 2 0.954 ±0.023 1.7 ± 0.9 6.0 ± 3.4 0.945 ±0.039 1.9 ± 1.2 6.1 ± 4.6 

ACNN 0.950 ±0.026 1.9 ± 1.1 6.4 ± 4.1 0.942 ±0.034 2.0 ± 1.2 6.3 ± 4.2 

SHG 0.951 ±0.023 1.9 ± 1.0 5.7 ± 3.3 0.944 ±0.034 2.0 ± 1.2 6.0 ± 4.3 

U-Net ++ 0.945 ±0.026 2.1 ± 1.0 7.2 ± 4.5 0.939 ±0.034 2.1 ± 1.1 7.1 ± 5.1 

PLANet 0.962 ±0.012 1.5 ± 0.5 4.6 ± 1.5 0.956 ±0.014 1.6 ± 0.6 4.6 ± 1.4 
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ackbone network gradually. The performance of the global atten- 

ion was similar to those of ASPP in our experiments, whereas both 

chieved context collection differently. The PLA worked better than 

oth on most evaluation metrics. In Fig. 6 , we present some exam- 

les for qualitatively comparing the segmentation quality between 

ifferent methods listed in Table 5 . 

.4. Comparisons with existing methods 

We compared the segmentation performance of the proposed 

LANet with those of existing methods on the CAMUS and 

ub-EchoNet-Dynamic datasets. The comparison methods were 

) structured random forests-based method (SRF) ( Leclerc et al., 

017 ); 2) B-spline explicit active surface model (BEASM-fully and 

EASM-semi), where the former is fully automatic and the lat- 

er is semi-automatic ( Pedrosa et al., 2017 ); 3) U-Net 1 and U-

et 2, where the former is optimized for speed and the latter 

s optimized for accuracy ( Ronneberger et al., 2015 ); 4) anatomi- 

ally constrained neural networks (ACNN) ( Oktay et al., 2018 ); 5) 

tacked hourglasses model (SHG) ( Nowell et al., 2016 ); and 6) U- 

et ++ ( Zhou et al., 2018 ). The first two are state-of-the-art non-

eep learning methods, and the last four are deep learning-based 

ethods. The comparison results of PLANet and the existing meth- 

ds on the two datasets are presented in Table 6 and Table 7 ,

espectively. The values in boldface represent the best scores for 

CA
9 
he corresponding metrics. We adopted 10 folds cross-validation 

or the evaluation on the CAMUS dataset ( Leclerc et al., 2019 ). For

ub-EchoNet-Dynamic, we trained PLANet on the training set and 

valuated it on the testing set. 

The proposed PLANet achieved better segmentation perfor- 

ance for most of the metrics compared with other sophisticated 

eep learning-based methods and non-deep learning state-of-the- 

rt algorithms. Notably, the segmentation improvement for LV Endo 

s significant compared to other deep learning-based methods. This 

s very important because accurate LV Endo segmentation is crucial 

or the assessment of cardiac functions, which is proven by the 

utstanding performance on the evaluation of clinical indices in 

ables 8 and 9 . Some methods, such as BEASM and ACNN in our 

xperiments, have been integrated with the shape prior to guide 

he learning of anatomical structures. However, without the prior 

nowledge, PLANet accurately acquired the knowledge of various 

ardiac structure shapes by auto-learning from large-scale datasets. 

We estimated LV EDV , LV ESV , and LV EF with the segmentation re- 

ults of PLANet using the Simpson’s rule. The accuracy compar- 

son of different methods is shown in Tables 8 and 9 for the 

wo datasets. PLANet is able to achieve higher correlations and 

ower biases than all other methods on most of the metrics. In 

articular, the correlations between the true LV EF and LV EF esti- 

ated based on the segmentation of PLANet were up to 0.883 

nd 0.869, respectively, which were much higher than the previous 
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Fig. 6. Qualitative comparison between the annotations and segmentation results for different methods. The red and yellow areas represent the annotations of the left 

ventricle and myocardium, respectively. The green and blue dot lines represent the predicted contours of left ventricle and myocardium, respectively. (For interpretation of 

the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 7 

Performance comparison of PLANet against existing methods on geometrical metrics on the sub-EchoNet-Dynamic 

dataset. 

Methods ED ES 

D d m (mm) d H (mm) D d m (mm) d H (mm) 

LV Endo SRF 0.880 ±0.058 3.4 ± 1.8 11.5 ± 5.8 0.804 ±0.086 4.8 ± 2.5 14.5 ± 7.2 

BEASM-fully 0.859 ±0.057 3.4 ± 1.6 10.3 ± 4.3 0.828 ±0.090 3.6 ± 2.3 10.7 ± 5.6 

BEASM-semi 0.908 ±0.037 2.2 ± 1.1 8.3 ± 3.3 0.887 ±0.054 2.3 ± 1.5 8.8 ± 3.5 

U-Net 1 0.931 ±0.030 1.7 ± 0.8 6.3 ± 3.3 0.906 ±0.043 1.8 ± 0.9 6.7 ± 3.5 

U-Net 2 0.934 ±0.026 1.6 ± 0.7 6.1 ± 2.9 0.909 ±0.39 1.7 ± 0.8 6.6 ± 3.2 

ACNN 0.922 ±0.031 1.9 ± 0.9 6.7 ± 3.5 0.899 ±0.053 2.0 ± 1.4 6.9 ± 4.3 

SHG 0.928 ±0.033 1.9 ± 0.9 6.4 ± 3.5 0.903 ±0.052 2.1 ± 1.4 6.7 ± 3.8 

U-Net ++ 0.931 ±0.030 1.8 ± 0.8 6.7 ± 3.0 0.901 ±0.042 2.0 ± 1.2 7.2 ± 4.1 

PLANet 0.942 ±0.021 1.4 ± 0.6 5.0 ± 2.2 0.918 ±0.034 1.6 ± 0.7 5.4 ± 2.6 

LV Epi SRF 0.893 ±0.048 3.7 ± 1.7 12.8 ± 5.7 0.879 ±0.047 4.0 ± 1.9 13.3 ± 6.5 

BEASM-fully 0.906 ±0.046 3.3 ± 1.7 9.9 ± 4.5 0.893 ±0.051 3.4 ± 2.0 10.0 ± 5.2 

BEASM-semi 0.911 ±0.037 2.6 ± 1.4 9.0 ± 3.2 0.906 ±0.041 2.7 ± 1.7 9.2 ± 5.0 

U-Net 1 0.943 ±0.027 1.9 ± 0.8 6.5 ± 3.1 0.929 ±0.031 2.1 ± 1.1 7.1 ± 3.6 

U-Net 2 0.944 ±0.022 2.0 ± 0.8 7.2 ± 2.8 0.933 ±0.032 2.0 ± 0.9 7.2 ± 3.2 

ACNN 0.936 ±0.032 2.3 ± 1.2 7.5 ± 4.0 0.926 ±0.036 2.3 ± 1.4 7.3 ± 4.4 

SHG 0.937 ±0.028 2.2 ± 1.0 6.9 ± 3.2 0.930 ±0.032 2.2 ± 1.3 6.9 ± 3.8 

U-Net ++ 0.940 ±0.022 2.1 ± 1.0 7.1 ± 3.7 0.932 ±0.028 2.2 ± 1.3 7.4 ± 4.6 

PLANet 0.951 ±0.017 1.7 ± 0.7 5.5 ± 2.1 0.943 ±0.019 1.8 ± 0.6 5.5 ± 2.1 
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Table 8 

Performance comparison of PLANet against existing methods on clinical metrics. 

Methods LV EDV LV ESV LV EF 

corr bias ±σ (ml) corr bias ±σ (ml) corr bias ±σ (%) 

SRF 0.755 −0.2 ± 25.7 0.827 9.3 ± 18.0 0.465 11.5 ± 15.4 

BEASM-fully 0.704 13.4 ± 30.6 0.713 18.0 ± 25.8 0.731 −9.8 ± 8.3 

BEASM-semi 0.886 14.6 ± 19.2 0.880 18.3 ± 16.9 0.790 −9.4 ± 7.2 

U-Net 1 0.947 −8.3 ± 12.6 0.955 −4.9 ± 9.9 0.791 −0.5 ± 7.7 

U-Net 2 0.954 −6.9 ± 11.8 0.964 −3.7 ± 9.0 0.823 −1.0 ± 7.1 

ACNN 0.945 −6.7 ± 12.9 0.947 −4.0 ± 10.8 0.799 −0.8 ± 7.5 

SHG 0.943 6.4 ± 12.8 0.938 −3.2 ± 11.3 0.770 −1.4 ± 7.8 

U-Net ++ 0.946 −11.4 ± 12.9 0.952 −5.7 ± 10.7 0.789 −1.8 ± 7.7 

PLANet 0.975 1.5 ± 8.5 0.977 0.5 ± 6.3 0.882 0.6 ± 5.8 

LV EDV : volume of left ventricle in end diastole; LV ESV : volume of left ventricle in end systole; 

corr : Pearson correlation coefficient between true and estimated clinical indices; bias : mean of 

bias between true and estimated clinical indices; σ : standard deviation of bias between true 

and estimated clinical indices. 

Table 9 

Performance comparison of PLANet against existing methods on clinical metrics on sub- 

EchoNet-Dynamic dataset. 

Methods LV EDV LV ESV LV EF 

corr bias ±σ (ml) corr bias ±σ (ml) corr bias ±σ (%) 

SRF 0.945 −2.3 ± 15.5 0.943 −14.6 ± 11.8 0.633 15.5 ± 7.9 

BEASM-fully 0.960 12.7 ± 15.0 0.956 −4.2 ± 10.2 0.702 13.5 ± 6.2 

BEASM-semi 0.978 9.6 ± 10.8 0.976 −0.9 ± 7.4 0.761 7.3 ± 7.3 

U-Net 1 0.983 7.2 ± 8.8 0.988 1.2 ± 5.5 0.782 3.1 ± 5.7 

U-Net 2 0.981 5.9 ± 9.3 0.988 0.6 ± 5.2 0.827 3.2 ± 5.8 

ACNN 0.981 8.8 ± 9.9 0.979 −0.2 ± 7.0 0.807 5.8 ± 7.1 

SHG 0.972 −3.3 ± 11.2 0.983 −6.6 ± 6.4 0.796 6.0 ± 6.5 

U-Net ++ 0.979 4.9 ± 9.6 0.984 −0.5 ± 5.9 0.819 3.5 ± 5.7 

PLANet 0.986 2.5 ± 8.6 0.992 −0.9 ± 4.6 0.869 2.7 ± 5.9 

Fig. 7. Correlation graphs and Bland Altman graphs for clinical metrics on CAMUS dataset. (a) Correlation between true and predicted LV EDV . (b) Correlation between true 

and predicted LV ESV . (c) Correlation between true and predicted LV EF . (d) Bland Altman plot between true and predicted LV EDV . (e) Bland Altman plot between true and 

predicted LV ESV . (f) Bland Altman plot between true and predicted LV EF . In (d)(e)(f), the x-axis represents the mean of true and predicted clinical indices, and the y-axis 

represents the difference of true and predicted clinical indices. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version 

of this article.) 
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Fig. 8. Correlation graphs and Bland Altman graphs for clinical metrics on sub-EchoNet-Dynamic dataset. (a) Correlation between true and predicted LV EDV . (b) Correlation 

between true and predicted LV ESV . (c) Correlation between true and predicted LV EF . (d) Bland Altman plot between true and predicted LV EDV . (e) Bland Altman plot between 

true and predicted LV ESV . (f) Bland Altman plot between true and predicted LV EF . In (d)(e)(f), the x-axis represents the mean of true and predicted clinical indices, and the 

y-axis represents the difference of true and predicted clinical indices. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 

version of this article.) 
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est method, U-Net 2. This indicates that with a better segmenta- 

ion method, 2D echocardiography is able to play a more important 

ole in assessing cardiac functions than is possible at present. In 

igs. 7 and 8 , we present the correlation graphs and Bland Altman 

nalysis for the CAMUS and sub-EchoNet-Dynamic dataset, respec- 

ively. The results show a good consistency between the true and 

redicted clinical indices. 

. Discussion 

In this study, we proposed PLANet for the automatic segmen- 

ation of 2D echocardiographic images. Owing to the important 

ole of 2D echocardiography in the diagnosis and treatment of car- 

iac diseases, PLANet has the potential to assist cardiologists in 

he overwhelming manual annotation job to save time for more 

aluable work. We analyzed two unsolved problems in automatic 

emantic segmentation methods: 1) The lack of an effective fea- 

ure enhancement approach for capturing supporting features from 

eighboring contexts, while reducing the influence of image noise. 

) The lack of consideration of label coherence when predicting 

 category for each pixel to achieve joint-learning across differ- 

nt regions. In this work, we proposed a PLA module and LCL 

echanism as our solutions to the two problems, respectively. We 

valuated PLANet on CAMUS and sub-EchoNet-Dynamic, two open 

arge-scale datasets in 2D echocardiography, and obtained better 

egmentation performance compared to existing state-of-the-art 

ethods. 

The PLA module enhances features by aggregating related in- 

ormation from compact and reasonable neighboring contexts. 

he ablation experiment for PLA proved that a proper size and 

CASIA
12 
parsity of the local context are the requirements for PLA to 

unction effectively. The combination of various sparsities is vi- 

al for PLA to collect multi-scale information. A small size lim- 

ts the effectiveness of context capturing, while a considerably 

arge context size makes the PLA more similar to global atten- 

ion. Thus, the dispersed attention distribution stacked more im- 

ge noises, diluting the meaningful features. In Fig. 9 , we visual- 

zed the features of the myocardium before and after the process- 

ng of global attention, ASPP, and PLA using the Grad-CAM method 

 Selvaraju et al., 2019 ). Global attention, ASPP, and PLA all have 

 certain ability to enhance semantic features, but differ from 

ach other in some details. Compared with its input, the contex- 

ual features of the myocardium after global attention are con- 

ected completely, while the features in the border of the my- 

cardium and left ventricle are coarser and have less discrimina- 

ion ( Figs. 9 a and 9 d). This proves the strong ability of the at-

ention mechanism to enhance features by integrating contextual 

eatures. However, as the scale of context capturing in global at- 

ention is the entire input, supporting information of the local 

egions is diluted. This results in indecisive and inaccurate se- 

antic features in some key regions such as the contours and 

pex of the left ventricle. In contrast, the features of ASPP ap- 

ear heterogeneous in intensity among regions, and the intensi- 

ies of enhanced features tend to be weaker than the other two 

 Figs. 9 b and 9 e). The features with low intensity cannot pro-

ide a reliable guide to predict for pixels, increasing the proba- 

ility of mistakes. ASPP avoids coarsening features owing to its 

ocal and sparse neighboring feature sampling property. However, 

nlike PLA, the feature sampling of ASPP is achieved by convolu- 

ion. As explained in LeCun (1989) , weight sharing of convolution 
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Fig. 9. Qualitative comparison of network features for GA, ASPP, and PLA. The first row shows the features of an example with low image contrast between the left ventricle 

and myocardium. The second row shows the features of an example with lower signal-to-noise ratio. (a)(d) Features before and after GA. (b)(e) Features before and after 

ASPP. (c)(f) Features before and after PLA. In the first column, the red and yellow lines represent the contours of the left ventricle and myocardium, respectively. GT: ground 

truth, GA: global attention, ASPP: atrous spatial pyramid pooling. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version 

of this article.) 
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an be considered to impose equal constraints among the connec- 

ion strengths. Therefore, if there is large variance for the condi- 

ions of contextual neighboring features among different positions, 

eterogeneity of semantic features among regions will occur. By 

ontrast, the attention mechanism of PLA makes it possible to ad- 

ust connection strengths adaptively for specific contextual condi- 

ions. Meanwhile, the localness and sparseness of neighboring con- 

ext sampling avoid coarsening features by unrelated features and 

mage noises. It can be observed that for the regions with low 

ontrast or high image noise problems, the features across con- 

our are significantly and accurately enhanced ( Figs. 9 c and 9 f), 

hich qualitatively proves the effectiveness of the proposed PLA 

odule. 

Segmentation prediction by FCN-based semantic segmentation 

odels, without actively considering the coherence across differ- 

nt regions, has been a persistent problem. We proposed a label 

oherence mechanism to learn the segmentation relations between 

ixels by offering explicit supervision signals. Our method is easier 

o implement and train compared to previous approaches. The key 

oint of the LCL mechanism is the supervision signals passed from 

egmentation label maps as described in Section 2.3 . In this work, 

e proposed a method to parse segmentation label maps flexibly 

nd formulated the training of PLANet as a multi-task of segmen- 

ation and label coherence learning. In the ablation experiments, 

e explored the proper setting of the context scale and sparsity 

or a fully effective label coherence learning. 

The main components of PLANet are the modified backbone 

etwork, PLA module and LCL mechanism. We investigated their 

ontributions to the improvement step-by-step in the ablation ex- 

eriments. The results showed that both PLA and LCL have a pos- 

tive influence on the performance improvement of semantic seg- 

entation. Moreover, we compared the effectiveness of PLA with 

SPP and global attention in the ablation experiment, proving em- 

irically that PLA is better at capturing useful contextual informa- 

ion and enhancing features expressiveness. We presented exam- 

les to compare the segmentation results qualitatively in Fig. 6 . 

CASIA
 

13 
e found that the PLA and LCL mechanism are especially help- 

ul to the segmentation on apex of the left ventricle ( Fig. 6 a). This

s important to accurately locate the vertical axis when computing 

V EDV and LV ESV with the Simpson’s rule. PLANet was also better 

han other methods when segmenting on images with low con- 

rast ( Fig. 6 b) and high noises ( Fig. 6 c). 

Compared to the existing semantic segmentation methods, the 

roposed PLANet performed better on most of the evaluation 

etrics. From the geometrical perspective, the segmentation im- 

rovement on LV Endo were larger than that on LV Epi , which is 

mportant because the low contrast between LV Endo and LV Epi 

as hindered the robustness of segmentation methods for long 

 Leclerc et al., 2019 ). Segmentation improvement on LV Epi may be 

elatively smaller because the Dice of LV Epi tends toward satu- 

ation. From the clinical perspective, the corr s of LV EF were im- 

roved up to 0.882 and 0.869 on the two datasets, which are great 

mprovements compared to all the existing methods. This shows 

hat the reliability of volumetric measurements on 2D echocar- 

iographic images can be higher if a more effective segmentation 

ethod is available. 

The current version of PLANet has limitations. The memory- 

onsumption of the network training is still large, which can cause 

emory explosion in the training phase. We proposed a simple 

cheme to balance the proper batch size and memory-consumption 

n Section 2.4 , but this prolongs training to some extent. Further 

ork is required in the future to explore a more proper method of 

LANet implementation. 

. Conclusion 

In this work, we proposed a novel PLANet method for the se- 

antic segmentation of 2D echocardiographic images. With the 

pplication of the PLA module and LCL mechanism, our method 

chieves accurate and efficient automatic segmentation for multi- 

le cardiac structures, indicating the potential of PLANet as an as- 

istive tool in clinical practice. 
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