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Abstract: Left ventricular ejection fraction (LVEF) is a critical indicator for assessing car-
diac function and diagnosing heart disease. LVEF can be derived by estimating the left
ventricular volume from end-systolic and end-diastolic frames through echocardiography
segmentation. However, current algorithms either focus primarily on single-frame seg-
mentation, neglecting the temporal and spatial correlations between consecutive frames, or
often fail to effectively address the inherent challenges posed by the low-contrast and fuzzy
edges characteristic of echocardiography, thereby resulting in suboptimal segmentation out-
comes. In this study, we propose a novel self-attention-based dual-task learning approach
for automatic left ventricle segmentation. First, we introduce a multi-scale edge-attention U-
Net to achieve supervised semantic segmentation of echocardiography. Second, an optical
flow network is developed to capture the changes in the optical flow fields between frames
in an unsupervised manner. These two tasks are then jointly trained using a temporal
consistency mechanism to extract spatio-temporal features across frames. Experimental
results demonstrate that our model outperforms existing segmentation methods. Our
proposed method not only enhances the performance of semantic segmentation but also
improves the consistency of segmentation between consecutive frames.

Keywords: self-attention; left ventricular segmentation; optical flow; spatio-temporal
feature

1. Introduction
Cardiovascular diseases are the leading cause of death worldwide, accounting for

32% of all deaths, with heart attacks and strokes contributing to 85% of this mbox
deaths [1]. Consequently, monitoring heart health and diagnosing cardiovascular dis-
eases is of paramount importance. LVEF is a crucial index for the evaluation of heart
health, calculated from left ventricular volumes at end-systole (ES) and end-diastole (ED)
[2]. Echocardiography is a widely used tool for evaluating cardiac function and structure
at any clinical stage [3]. Typically, physicians identify the ES and ED frames from the
patient’s echocardiogram video and subsequently calculate the LVEF using the formula
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LVEF = 1 − ESV/EDV [2]. However, this method is highly inefficient, as an echocardio-
graphy may contain dozens of frames or more, and examining each frame individually
significantly reduces the physician’s work efficiency. In addition, the results obtained may
be inaccurate due to the fuzzy edges and high noise levels on echocardiograms, which
can prevent physicians from accurately delineating image boundaries and lead to mischar-
acterized images. Consequently, the development of an automated, robust, and highly
accurate method for ES and ED frame identification is essential to enhance the efficiency
and reliability of echocardiographic analysis.

In recent years, the rapid advancement of deep learning has led to its widespread
application in various fields of medical imaging, with medical image segmentation emerg-
ing as one of the most important applications. Deep-learning segmentation algorithms for
echocardiograms can be broadly categorized into two main types: single-frame segmenta-
tion and echocardiogram video segmentation. Single-frame segmentation methods focus
exclusively on ES and ED frames without considering temporal information or inter-frame
correlations. For instance, papers [4,5] employ a U-Net-based network to segment ES and
ED frames. Li et al. proposed a multi-level, multi-scale dense pyramid and Deep Supervi-
sion Network (DPSN) for keyframe segmentation in multi-chamber views [6]. Yang et al.
introduced the Efficient Pyramid Pooling (EASPP) module, which performs feature fusion
through convolution with different dilation rates and global pooling [7]. These methods
are used to extract features by enlarging the receptive field or to enhance the segmentation
ability of the left ventricle by multi-scale feature fusion. However, convolution operations
are limited in their ability to capture global image relationships, and pooling can lead to
the loss of important information. In addition, enlarging the local receptive field may cause
the segmentation results to be affected by speckle noise. Other methods [8,9] integrate a
Convolutional Neural Network (CNN) with a transformer module, using image patches for
segmentation. While transformer [10] can capture long-range dependencies in sequences,
segmentation results using this approach are susceptible to noise. Subsequently, the vision
transformer [11], tailored for computer vision tasks, was proposed. This method involves
cutting the feature map into patches, treating each patch as a sequence to capture dependen-
cies between sequences. Although positional encoding is incorporated in the embedding
process, the arrangement of pixels within patches can still be affected when reconstructing
the feature map, which affects the feature extraction. Some researchers have also introduced
attention mechanisms, such as bridge attention [9] and attention refinement modules [12],
to enhance feature fusion in segmentation. However, these methods do not specifically
address the fuzzy edges characteristic of echocardiographic images. Moreover, single-
frame segmentation methods typically ignore the temporal information and inter-frame
correlations, making it challenging to accurately delineate the left ventricular region.

Recently, there has been a growing interest in echocardiogram video segmentation,
which identifies ES and ED frames based on the volume obtained from the segmentation of
all frames. To incorporate temporal information, some methods employ 3D structures to
simultaneously extract semantic and temporal features. For example, Wei et al. proposed
a co-learning network based on a 3D U-Net, trained at both the appearance and shape
levels [13]. Chen et al. introduced a 3D U-Net method for echocardiogram video segmenta-
tion, which learns ED and ES segmentation while simultaneously tracking motion between
frames [14]. However, 3D-based networks are not suitable for single-image cases, limiting
their clinical applicability. Other approaches utilize a 2D plus time (2D + t) architecture to
capture spatio-temporal information from video or image sequences. Li et al. proposed
a multi-view echocardiography video segmentation network based on Long Short-Term
Memory (LSTM), named MV-RAN [15]. Although MV-RAN can simulate temporal consis-
tency, the LSTM structure is computationally intensive, and the performance at the end of
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the video is worse than at the beginning due to accumulated errors. Sirhani et al. proposed
an EchoRCNN model based on Mask Region CNN (Mask R-CNN) [16]. Although LSTM
and Mask R-CNN can capture the relationship between frames, LSTM will continuously
accumulate errors, and Mask R-CNN needs to delineate the mask image of the first frame,
which increases the cost of clinical application. Additionally, EchoRCNN has been validated
on a relatively small dataset of only 750 videos. Painchaud et al. proposed a forced temporal
consistency post-processing method for echocardiogram video segmentation [17], but its
performance improvement is limited. Wu et al. introduced an Adaptive Spatio-temporal
Semantic Calibration (ASSC) module, which leverages the spatio-temporal information
between consecutive frames and overcomes the shortcomings of optical flow-based models
that are sensitive to speckle noise [18]. However, the ASSC module employs a series of
transformations and introduces several learnable transformation metrics for coordinate
distortion calibration and channel feature weighting calibration, which increases model
complexity and makes it more challenging to learn these metrics.

To address the aforementioned challenges, we propose a novel self-attention-based
dual-task learning approach for left ventricular segmentation in echocardiography, termed
MUF-Net. Firstly, to enhance the segmentation capability for the fuzzy edges of the left ven-
tricle, we introduce a multi-scale edge-attention U-Net model (MSEA-U-Net). In its encoder
stage, convolutional kernels with varying dilation rates and a self-attention mechanism are
employed to perform multi-scale fusion of deep semantic features and capture long-range
pixel-level dependencies within the feature map. Subsequently, in the decoder stage, the
Sobel edge detection operator combined with a coordinate attention mechanism is utilized
to assist the model in recovering positional and pixel information of the image edges,
thereby addressing the noise and fuzzy boundaries characteristic of echocardiograms.
Secondly, we propose capturing spatio-temporal correlations by learning optical flow be-
tween frames. Finally, leveraging the optical flow learned from two consecutive frames, a
temporal consistency module is employed to jointly learn spatio-temporal information by
aligning distorted segmentation predictions with actual segmentation predictions at time
t. The network was evaluated on the EchoNet-Dynamic dataset [19], the only large-scale
echocardiogram dataset available. The contributions of this paper are as follows.

1. We develop a dual-task network comprising a supervised semantic segmentation
branch and an unsupervised optical flow learning branch to capture the coherence
between consecutive frames.

2. We propose a multi-scale edge-attention U-Net segmentation model, which signifi-
cantly enhances the model’s ability to segment fuzzy boundaries of the left ventricle.

3. We employ a temporal consistency constraint to jointly train the two branches, en-
abling the network to learn spatio-temporal features from echocardiograms.

4. The proposed model achieves superior segmentation performance on the EchoNet-
Dynamic dataset and demonstrates higher consistency on transition frames compared
with existing methods.

2. Materials and Methods
2.1. Methods

In this paper, we introduce a self-attention-based dual-task learning segmentation
model, termed MUF-Net, as depicted in Figure 1. The proposed method encompasses
two primary tasks: semantic segmentation and optical flow learning. Specifically, the
input video frame is processed by the semantic segmentation branch to segment the left
ventricular region. To enhance the model’s segmentation capability for the fuzzy edges of
the left ventricle, we propose a novel MSEA-U-Net architecture. The optical flow branch
is designed to capture the optical flow variations and temporal information between
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consecutive frame pairs. Ultimately, the two branches are jointly trained to utilize the
proposed temporal consistency mechanism.

It+1

It

Segmentation Branch

Optical Flow Branch

Lpc

Lsm

LBCE

LDL

Ltcons

Figure 1. Network structure diagram. The top half represents the segmentation branch, and the
bottom half represents the optical flow branch.

2.1.1. Overview of Framework Workflow

The overall architecture of our model is a dual-branch network comprising a seg-
mentation branch and an optical flow branch. The EchoNet dataset contains a substantial
number of video frames, with only the end-diastolic (ED) and end-systolic (ES) frames
labeled in each video. Consequently, during network training, the segmentation branch can
utilize only these two labeled frames, while the optical flow branch has access to all frames.
This results in an extensive optical flow learning process that spans from the first to the
last frame of the video. Even when the video is segmented into shorter clips, such as from
one labeled frame to another, optical flow errors can significantly impact segmentation
outcomes. This process highlights the strong dependence of segmentation performance
on the quality of optical flow learning. Since each video covers four chambers and the
optical flow training is unsupervised, the optical flow in echocardiograms focuses on all
moving objects, not only the left ventricle. However, with merely two labeled frames, it is
challenging to guide the direction of optical flow learning through joint training with the
segmentation branch. In this study, during the training phase, we extracted and defined
two clips for each video, as its effectiveness has been validated in our previous work [20]:
clip 1 consists of the ES frame and its adjacent frames, clip 2 consists of the ED frame and
its adjacent frames. They are defined as c1: {IES−1, IES, IES+1} and c2: {IED−1, IED, IED+1}.
As illustrated in Figure 1, all clips are trained in pairs to concurrently learn semantic seg-
mentation and optical flow. During the testing phase, we evaluate all frames of each video
and generate the predicted left ventricular mask using solely the segmentation branch. The
left ventricular volume of each frame can be approximated by the number of pixels in its
predicted mask.

2.1.2. Segmentation Learning

Semantic segmentation of echocardiograms faces two major challenges. First, the
EchoNet-Dynamic dataset comprises images with very low resolution (112 × 112). The
characteristics of ultrasound imaging result in input feature maps with severe speckle
noise and blurred edges [21]. Additionally, 29% and 23% of patients in the dataset have
heart failure and coronary artery disease, respectively. These conditions cause ventricular
deformation and motion artifacts due to arrhythmias or changes in heart rate during
ultrasound scans. Consequently, a robust deep-learning model is required to accurately
segment the left ventricle.



Sensors 2025, 25, 2704 5 of 21

To address the aforementioned challenges, the proposed semantic segmentation branch
of MSEA-U-Net, referred to as the S-branch, is illustrated in Figure 2. This branch adopts
a network architecture similar to the U-Net [22] structure as the baseline. The encoder-
decoder design follows a process of first narrowing and then expanding, which enables the
model to capture features at multiple levels, ranging from coarse to fine. This multi-level
feature capture helps mitigate the interference of noise on segmentation outcomes. The
network employs four upsampling operations and utilizes skip connections at the same
stage to ensure that the final reconstructed feature map integrates a richer set of features.
Features from different scales are fused, resulting in more refined edge information in the
segmentation map. In the encoder stage, to enrich the semantic features of the feature
maps used for upsampling, we introduce a Deep Semantic Multi-scale Fusion Module
(DSMSFM). In the decoder stage, to recover edge information lost during downsampling
and feature fusion, we design an Edge Location Attention Module (ELAM).

Figure 2. The architecture of the proposed MSEA-U-Net. The blue block indicates the deep semantic
multi-scale fusion module (DSMSFM), and the purple block indicates the module-edge position-
attention module (EPAM).

(1) MSEA-U-Net encoder

In the semantic segmentation network, the encoder is tasked with continuously per-
forming convolution and downsampling operations on the input to enhance the model’s
feature extraction capabilities. However, this process can lead to information loss during
convolution or downsampling. Due to the low frame resolution of the EchoNet-Dynamic
dataset, the feature map becomes significantly smaller after four downsampling operations
by the encoder, while the number of channels increases substantially. At this stage, these
channels contain rich semantic information, which we aim to fuse to enhance the model’s
representational capacity. To achieve this, we design the DSMSFM, as shown in Figure 3.

Firstly, the input features are further integrated via a 1 × 1 convolution to obtain the
feature map F1. Subsequently, three dilated convolutions with different dilation rates (1, 2,
and 3) are employed to expand the receptive fields of the convolution kernels. It enables the
extraction of local semantic features across multiple scales within the deep semantic context.
The corresponding output features are designated as F2, F3, and F4, respectively. Then, a
self-attention module, as illustrated atop the DSMSFM in Figure 3, is utilized to capture
pixel-level global feature relationships across the feature maps. This module enables the
extraction of local features at different scales while preserving the resolution of the feature
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map and enhancing the flexible expression of element-level global features. The resultant
feature map is subsequently passed through a learnable matrix M of size 7 × 7, initialized
to zero, to obtain the feature map F5. By assigning a learnable weight to each channel,
this process suppresses irrelevant feature channels while assigning greater emphasis to
important ones. This mechanism thereby enhances the fusion between the feature maps
processed by the self-attention module and those processed by the dilated convolutions.
Finally, the four extracted feature maps Fi (i = 1, 2, 3, 4) are concatenated along the channel
dimension, fused using a 1 × 1 convolution, and then added element-wise to the feature
map F5 to yield the final output y,

y = (W(Cat[F1, F2, F3, F4]) + b) + F5, (1)

where W is the weight matrix of the 1 × 1 convolution kernel, b is the bias term, and Cat[]
is the concatenation operation along the channel.
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Figure 3. Deep Semantic Multi-scale Fusion Module (DSMSFM). The bottom is the overall structure
of DSMSFM, and the top is the details of the self-attention module.

For the self-attention mechanism, although the DSMSFM can effectively achieve local
multi-scale feature fusion, it does not capture the dependencies between long-range features.
To address this limitation, the self-attention module is employed to capture the pixel-level
dependencies between the elements of the feature map. It is described as

Attention(Q, K, V) =

(((
softmax

(
QKT
√

dk

)
V
)
∗ wb + x

)
∗ ωg

)
, (2)

where x represents the input feature map, Q denotes the query vector, K represents the
key vector, and V represents the value vector. The parameters wb and wg are learnable
parameters initialized to 1 and are collectively denoted by B in Figure 3. By introducing
these two learnable parameters, the self-attention module is able to extract features in a
more flexible manner.
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(2) MSEA-U-Net decoder

The input feature maps of the EchoNet-Dynamic dataset exhibit low resolution
(112 × 112), and the characteristics of ultrasound imaging further contribute to unclear
edges in these feature maps. After undergoing multi-layer convolution and four downsam-
pling operations performed by the encoder, the pixel information along the edges tends
to be lost. Subsequent information fusion via the DSMSFM can lead to the loss of edge
position information, which can negatively impact the recovery of both pixel and positional
information of the image edges during the decoding stage.

To tackle these challenges, this paper introduces the Edge Location Attention Module
(ELAM), as depicted in Figure 4. The module consists of two branches. The first branch,
known as the location attention branch, focuses on identifying and enhancing edge features
within the low-resolution feature map. The second branch, referred to as the information-
attention branch, employs traditional operators to detect the edge-pixel information of the
feature map. Ultimately, the two feature maps, which contain edge position information
and pixel information, respectively, are combined element-wise to generate a feature map
that integrates both edge position and pixel information for subsequent upsampling.
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Figure 4. The architecture of Edge Location Attention Module (ELAM). The blue part and the red
part are the Location attention branch, and the pink part is the Information attention branch.

a. Location Attention Branch

Attention mechanisms are usually employed to direct the model’s focus on specific
content and locations within the data. For instance, the Squeeze-and-Excitation (SE) atten-
tion proposed by SENet [23] computes the channel attention mechanism through 2D global
pooling. However, the SE module primarily focuses on the information encoding between
channels, neglecting the significance of spatial location information. For the echocardio-
graphy segmentation, if the model can emphasize the positional information of image
edges during the segmentation process, it can enhance the segmentation performance of the
model. As illustrated in Figure 4, to mitigate the loss of positional information caused by 2D
global average pooling, we employ two one-dimensional global average pooling operations
and two max-pooling operations. They are applied along the vertical and horizontal axes,
respectively, to aggregate the input features into two distinct direction-aware feature maps.
Specifically, for the input x, pooling kernels of size (H, 1) and (1, W) are first applied to
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encode each channel along the horizontal and vertical coordinate directions, respectively,
as shown in Equations (3)–(6).

ah
c (h) =

1
H ∑

0≤i<H
xc(h, i) (3)

aw
c (w) =

1
W ∑

0≤j<W
xc(j, w) (4)

mh
c (h) = max

0≤i<H
xc(h, i) (5)

mw
c (w) = max

0≤i<W
xc(j, w) (6)

Let ah
c (h) denote the output after the average pooling of the c-th channel along the

height dimension h, aw
c (w) denote the output after the average pooling of the c-th channel

along the width dimension w, mh
c (h)denote the output after max-pooling of the c-th channel

along the height dimension h, and mw
c (w) denote the output after max-pooling of the c-th

channel along the width dimension w. Subsequently, each pair of obtained feature maps
is concatenated along the second dimension and then transformed using a shared 1 × 1
convolution to facilitate information sharing. They are defined as

fa = δ
(

Conv1×1

(
Cat

[
ah, aw

]))
, (7)

fm = δ
(

Conv1×1

(
Cat

[
mh, mw

]))
, (8)

where the outputs fa ∈ RC/r×H and fm ∈ RC/r×H are intermediate feature maps with
spatial information in horizontal and vertical directions, respectively. r is the downsampling
ratio, we set r to 16 in this paper accordingly [24]. Conv1×1 is the 1 × 1 convolution,
ah ∈ R1×h×c, mh ∈ R1×h×c and aw ∈ Rw×1×c, mw ∈ Rw×1×c are the feature maps after
vertical and horizontal pooling, respectively, and δ is BatchNorm and ReLU.

Then, the two output feature maps are concatenated along the channel. In ad-
dition, the 1 × 1 convolution is used for feature fusion to obtain the feature figure
f ∈ R(C/r×H)×1×(h+w), and the feature fusion after different pooling processing is realized.
It can be presented as

f = Conv1×1(Cat[ f a, f m]). (9)

Subsequently, f is split into two separate tensors f h ∈ R(C/r×H)×h×1 and
f w ∈ R(C/r×W)×1×w along the spatial dimension, and then f h ∈ R(C/r×H)×h×1 is trans-
formed to ensure that f h is the attention feature map in the h direction. We then use two
1 × 1 convolutions to map the feature map to the same number of channels as the input
feature. This process is defined as

f h, f w = split( f , [H, W], dim = 2), (10)

f h = permute( f h, [0, 1, 3, 2]), (11)

gh = σ
(

Conv1×1h

(
f h
))

, (12)
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gw = σ(Conv1×1w( f w)), (13)

where gh ∈ Rc×h×1 and gw ∈ Rc×1×w of the outputs are the attention weights of the input
feature map in the height direction and width direction. Conv11w and Conv11h are the 1 × 1
convolution, and σ is the sigmoid activation function. Finally, the final feature map with
attention weights in width and height direction is obtained by multiplicative weighting
calculation on the original feature map, which is calculated as

yc(i, j) = xc(i, j)× gh
c (i)× gw

c (j). (14)

b. Information Attention Branch

The edge of an image is typically defined as the point where there is a significant
transition in pixel values, corresponding to the maximum of the first derivative. To detect
such edges, we compute the first derivative of the image as

f
′
(x) = f (x)− f (x − 1). (15)

A larger f
′
(x) indicates more significant pixel changes in the x-direction, suggesting

stronger edge signals. The Sobel operator is a discrete differential operator designed to
compute the approximate gradient of image grayscale levels. A higher gradient value
implies a higher likelihood of an edge.

The Sobel operator [25] consists of two specific 3 × 3 convolution kernels. By con-
volving the image with these kernels, gradient images in both the X and Y directions
are obtained, as calculated by Equations (17) and (18), respectively. The horizontal and
vertical grayscale values of each pixel in the image are then combined using Equation (18)
to calculate the resultant grayscale value at that point.

Gx =

−1 0 +1
−2 0 +2
−1 0 1

 ∗ A (16)

Gy =

+1 +2 +1
0 0 0
−1 −2 −1

 ∗ A (17)

Gx,y =
√

G2
x + G2

y (18)

Let Gx represent the gradient image in the x-direction, Gy represent the gradient image
in the y-direction, and A denote the feature map. In this paper, the Sobel operator is applied
to each channel of the input feature map. Through the Sobel operator and convolution
operation, the pixel information of the edge of the feature map is obtained. This process
helps the feature map focus more on the edge information when it is upsampled back to
the original image size. Finally, a residual block is introduced to enhance the robustness of
the model, which is defined as

y = Gx,y + yc(i, j) + x, (19)

where y is the output of the Edge Location Attention Module, G is the result of the informa-
tion attention branch, yc(i,j) is the output of the location attention branch, and x is the input
feature map.
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The segmentation branch uses two common semantic segmentation loss functions:
binary cross-entropy (BCE) loss and Dice loss function (DL), which are defined as

LBCE = −y log ŷ − (1 − y) log(1 − ŷ), (20)

where y and ŷ represent semantic region labels and prediction results, respectively.

LDice = 1 − 2|Y ∩ Y′|
|Y|+ |Y′| (21)

We set the predicted segmentation result as Y and its corresponding label as Y′; The
numerator is twice the overlap area of the two sets Y and Y′, and the denominator is the
sum of the elements in the two sets. It is presented as

LS = LBCE + LDice. (22)

2.1.3. Optical Flow Learning

For the optical flow branch, we utilize a specialized network to capture the tem-
poral information between two adjacent frames through optical flow estimation. Com-
pared to region-based networks, a pixel-wise algorithm is more suitable for identifying
pixel-level motion between consecutive frames. Specifically, most brightness changes occur
at the edges of the heart chambers, which also aids in distinguishing these edges from
the background.

In this section, we design a modified FlowNet based on FlowNetSimple [26]. Figure 5
illustrates the architecture of the improved FlowNet, denoted as mFlowNet. The blue
component comes from the original FlowNetSimple, we customize it by importing some
layers. The green part represents our modification, where we add more upsampling layers
to ensure that the output has the same size as the input. The reason for this is that we
want to use deconvolution to learn the upsampling process instead of using interpolation
during the warping computation. The hyperparameters corresponding to each operation
are shown in Figure 5 below, where f represents the number of features, k represents the
kernel size of the convolution, s represents the step size, and p represents the padding
size. The number of features deconvolution in the refinement operation is specified below
the refinement block. “Uplink traffic” represents an uplink sampling operation to predict
traffic. In mFlowNet, we also adopt an encoder and decoder structure to learn the optical
flow between every two frames. It contains five normal convolution and downsampling
blocks in the encoder. For the decoder, we introduce two additional upsampling layers and
a feature fusion layer to ensure that the output size matches the input size.

We denote the optical flow branch as Op(x), where p represents its corresponding
parameters, and simply refer to it as the O-branch. The input to the O-branch is pairwise
and identical to that of the S-branch. The output of mFlowNet is the optical flow between
the two input frames, denoted as Mt→t+1. mFlowNet is trained in an unsupervised man-
ner, with its updates relying on the fundamental features of optical flow, photometric
consistency, and motion smoothness.

Photometric consistency loss [27,28] is to constrain a frame and the warped image
from its adjacent frame, which is defined as

Lpc = α
1 − SSIM(I − Iw)

2
+ (1 − α)∥I − Iw∥1, (23)
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where Iw is the warped image, SSIM is the structural similarity index and α is set to
0.85 accordingly [28]. The purpose of motion smoothness is intended to eliminate erroneous
predictions while preserving crisp details, which is defined as

Lsm = ∑
x,y

|∇M(x, y)| ·
(

e−|∇I(x,y)|
)

, (24)

where ∇ is the vector differential operator, | · | denotes element-wise absolute value. The
total loss function for the O-branch is presented as

LO = λ1Lpc + λ2Lsm, (25)

where λ1 and λ2 are the corresponding weights of two losses, respectively.

Conv1

It

It+1 Conv2

Conv3

Conv3_1

Conv4

C

Refine1

Refine2

Deconv

Refine3

C

C

C

f = 32,    k = 7

s = 2,      p = 1

f = 64,    k = 5

s = 2,      p = 2

f = 128,    k = 5

s = 2,       p = 2

f = 128,    k = 5

s = 1,       p = 1

f = 64

f = 64

f = 32

f = 32, k = 3

s = 1,   p = 1

Pred_flow Up_flow

Deconv

Refine

p C denotes concatenate operation

f = 2,  k = 5

s = 1,  p = 2

f = 2,    k = 4

s = 2,    p = 1

k = 3, s = 1, p = 1

f = 256,   k = 3

s = 2,      p = 1

Figure 5. The architecture of the modified FlowNet (mFlowNet). The blue rectangles represent the
original FlowNet blocks, while the green rectangles represent the modified parts by ours.

2.1.4. Cooperation Mechanism and Joint Learning

For the two branches described above, the S-branch is designed to learn spatial
semantic features, while the O-branch is tasked with capturing temporal features between
frames. To further enhance segmentation performance, we employ a temporal consistency
constraint to integrate the learned features from both branches. We adopt the temporal
consistency model introduced in [29]. In their work, the temporal consistency constraint
was defined as a function of the encoder output features at time t and the distorted features
at time t + 1. However, in this paper, we redefine the temporal consistency constraint
as a function of the segmentation output at time t and the distorted output at time t + 1,
leveraging the optical flow learned from the O-branch. The rationale for this approach
is rooted in the nature of ultrasound imaging, where the edges between the left ventricle
and the background are often blurred. Consequently, a temporal consistency module that
processes only the segmentation output can effectively filter out background noise and
irrelevant information in regions outside the left ventricle. Since the segmentation output
is binary—with background pixel values set to zero—only the segmented left ventricular
region is utilized in the optical flow warping calculations.

Given a pair of input frames It and It+1, we obtained their semantic segmentation
results from branch S, Yt and Yt+1, respectively, and obtained their predicted optical flow
from branch O, Mt and Mt+1. Then we warped Yt to Yt+1 by optical flow Mt→t+1, which
are calculated as

Y′
t = Warp(Yt+1, Mt→t+1), (26)
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where we also used differentiable bilinear interpolation for warping. The temporal consis-
tency loss is defined as

Ltcons = ∑
x,y

∥∥Y′xy − Yxy∥∥. (27)

By employing optical flow and warping, we effectively integrate temporal features
into the spatial domain. This allows us to leverage the O-branch to extract features from
unlabeled frames and subsequently enhance the semantic segmentation results through
warping. The two branches train in an end-to-end manner, collaboratively achieving video
segmentation and thereby improving the overall performance of the model. The total loss
function of the proposed model is

L = LS + LO + λ3Ltcons = LBCE + LDice + λ1Lpc + λ2Lsm + λ3Ltcons, (28)

where the weights of LS and LO are set to 1, the weights of Ltcons is λ3.

2.2. Materials

The EchoNet-Dynamic dataset, utilized in this study, is a large-scale, publicly available
echocardiogram video dataset designed for cardiac function assessment. It comprises
10,030 echocardiographic videos, each independently recorded from 10,030 individuals. To
protect patient privacy, all videos are saved in AVI format. These 2D grayscale videos are
captured from the apical 4-chamber view. The number of frames per video ranges from
28 to 1002, with an average frame rate exceeding 176 frames per second. For each video,
the dataset provides the video length, the temporal locations of the ES and ED frames,
corresponding masks and volumes, and the computed EF. All frames in the dataset have a
resolution of 112 × 112 pixels. Annotations were provided by experienced experts.

The experiments were conducted using the PyTorch library, version 2.0.1. Training
and testing were performed on a machine equipped with an Intel Core i9-13900K CPU,
62 GB of memory, and a GeForce RTX 4090 Ti 24 GB GPU, running the Ubuntu 22.04
operating system.

The dataset was divided into training, validation, and test sets in the proportions
of 75%, 12.5%, and 12.5%, respectively, consistent with the original EchoNet-Dynamic
dataset [30]. For a fair comparison with other models, we also evaluated our method using
an 80% training and 20% testing split. During training, as previously described, we used
video clips to train the proposed model, generating four input pairs per video. In the
testing phase, we evaluated all frames in each video. Due to memory constraints, the
model was trained for 100 epochs with a batch size of one. Model weights were updated
using the Adam optimizer with an initial learning rate of 1.6 × 10−5. For the loss function,
we experimentally set the weights λ1, λ2, and λ3 to 5, 0.2, and 0.4, respectively. In this
work, we evaluated the segmentation performance of the proposed model using the Dice
coefficient score and Hausdorff distance (HD). The Dice score, related to the Dice loss, is
defined as follows:

Dice(Y, G) = 1 − LDice. (29)

HD is used to estimate the maximum distance between the predicted value and the
ground truth, which is defined as

H(Y, G) = max(h(Y, G), h(G, Y)). (30)

Taking the direct Hausdorff distance as an example, it is expressed as

h(Y, G) = max
y∈Y

(
max
g∈G

(d(y, g))
)

, (31)
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where d(y, g) represents the Euclidean distance between y and g.

3. Experiment Results
We evaluate the performance of the proposed model from two aspects. First, through

ablation experiments, we verify the effectiveness of incorporating temporal features into the
spatial feature extraction network for left ventricular segmentation. We then validate the
efficacy of the proposed MSEA-U-Net model. Second, we conduct a quantitative analysis
to demonstrate the superiority of our proposed method by comparing it with existing
networks on the EchoNet-Dynamic dataset. Furthermore, we perform a qualitative analysis
of the proposed model through visual experiment comparisons.

3.1. Ablation Experiment
3.1.1. Evaluation of Introducing Optical Flow Branch

We evaluated the effectiveness of introducing the optical flow learning auxiliary task
by comparing it to a spatial semantic network based on the U-Net architecture. The
comparison results are presented in Table 1. It reveals that the implementation of the
optical flow branch results in a 3.75% improvement in the segmentation performance of the
network compared to the U-Net. Additionally, compared with FlowNetSimple, our optical
flow branch model not only ensures consistency in output size between the optical flow
and the input but also extracts more detailed optical flow field information, resulting in a
0.14% increase in the Dice score.

Table 1. Ablation experiment. Bold font indicates the best result.

Structure Dice Score (%)

U-Net 88.76
U-Net + FlowNetSimple 92.50

U-Net + mFlowNet 92.64
U-net + mFlowNet + MECAM (this work) 92.71

The results demonstrate that the simultaneous extraction of spatial and temporal
features is significantly more advantageous for echocardiographic video segmentation than
the extraction of spatial features alone. The temporal features capture the information
between adjacent frames, enabling the model to not only perform semantic segmentation
of the left ventricle but also learn the spatio-temporal changes between these frames. Since
the optical flow branch is trained in an unsupervised manner, it can learn the attributes
of unlabeled frames, thereby extracting a substantial amount of characteristic information
from these frames. This learned optical flow field transformation between two adjacent
frames can then guide the segmentation of transition frames, ensuring the accuracy and
consistency of segmentation across each frame of the video.

3.1.2. Evaluation of the Proposed MSEA-U-Net Semantic Segmentation Model

By comparing the U-Net + mFlowNet and MSEA-U-Net + mFlowNet models in
Table 1, it is evident that the MSEA-U-Net semantic segmentation model proposed in this
paper achieves higher performance than U-Net. The introduction of the DSMSFM in the
encoder stage and the EPAM in the decoding stage gives the model the ability to identify
the more accurate boundary of the left ventricle. The experimental results demonstrate that
the proposed MSEA-U-Net can effectively achieve a multi-scale fusion of deep semantic
features, thereby enhancing the model’s representational capacity in the decoding stage.
The EPAM is proposed in the decoding stage. In addition, it also can accurately locate edge
positions and recover pixel information during the decoding process.
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3.2. Comparison with Existing Methods

We quantitatively and qualitatively evaluate the segmentation performance of our
proposed model with existing 2D frame segmentation and video-based segmentation
methods on the EchoNet-Dynamic dataset.

1. For 2D ES and ED frames segmentation methods, we compare with the primary
algorithm proposed by Ouyang et al., the EchoNet-Dynamic method [30], and three
recent models which combined transformer module or attention mechanism: Trans-
Bridge [8] (which offers TransBridge-B and TransBridge-L variants), PLANet [31],
and Bi-DCNet [12].

2. For the echocardiographic video segmentation algorithms, we compare with the
Joint-Net [32] and BSSF-NET [18], and JASO-Net [20]. This article serves as an
extension of JASO-Net. BSSF-NET employs a two-way spatio-temporal semantic
fusion technique instead of optical flow.

3.2.1. Quantitative Analysis

To quantitatively demonstrate the advancement of our model, we conducted a com-
parative evaluation with the above existing methods, as shown in Table 2. Among these
methods, the comparison results for EchoNet-Dynamic, TransBridge-B, TransBridge-L, and
Bi-DCNet were extracted from their respective publications. The training, testing, and
validation sets they used are assigned by the EchoNet-Dynamic dataset with a ratio of
75:12.5:12.5. Here, we call it ratio-1 for convenience. Notably, the three sets of the first ratio
are fixed, so we did not implement cross-validation but applied the validation set. Conse-
quently, we did not demonstrate the standard deviation (STD) in Table 2. In contrast, the
results for PLANet, Joint-Net, and BSSF-NET were obtained from the BSSF-NET paper. The
training and test sets they used are randomly selected from the EchoNet-Dynamic dataset
with a ratio of 80:20, denoted as ratio-2. They are evaluated using 5-fold cross-validation
without separate validation sets. Since we have evaluated our proposed JASO-Net using
both ratios, we focus on presenting the results for ratio-1 in this work.

Table 2. Comparison result with existing methods. Bold font indicates the best result.

Methods Year
Train/Val/Test: 75/12.5/12.5 Train/Val/Test: 80/-/20

Dice Score (%) HD (mm) Dice Score (%)
(Mean ± STD)

HD (mm)
(Mean ± STD)

EchoNet-
Dynamic 2020 91.97 2.32 93.79 ± 0.22 2.27 ± 0.47

Joint-net 2020 - - 90.91 ± 0.36 3.85 ± 0.92
TransBridge-B 2021 91.39 4.41 - -
TransBridge-L 2021 91.64 4.19 - -

PLANet 2021 - - 91.92 ± 0.34 3.42 ± 0.67
BSSF-Net 2022 - - 92.87 ± 0.16 2.93 ± 0.72
Bi-DCNet 2023 92.25 - - -
JSAO-Net 2024 92.64 2.23 96.99 ± 0.12 1.76 ± 0.47

Ours 2025 92.71 3.85 - -

In Table 2, our previously developed JSAO-Net exhibited superior segmentation
performance compared to existing methods. Moreover, the newly proposed MUF-Net
architecture in this study demonstrates additional enhancements in the Dice score over
its predecessor and other comparative models. These results indicate that our proposed
MSEA-U-Net segmentation branch excels at identifying the fuzzy edges of the left ventricle.
Furthermore, compared with the 2D image segmentation methods and strategies, the joint
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learning of semantic features and optical flow in our model more effectively leverages
spatio-temporal information. The optical flow field captures the changes in optical flow
between different frames, and the results of optical flow encompass the spatio-temporal
transformation between these frames. Subsequently, the results of optical flow and semantic
segmentation are combined through temporal consistency, which guides the semantic seg-
mentation task to learn more effective features and achieve better segmentation outcomes.
It also can be seen that the HD index in this work is the third among the compared models,
which means there are outliers in our segmentation results. However, the segmentation
study in this paper is for the LVEF assessment, which is calculated based on ESV and EDV
estimated by the areas of ES and ED. The impact of outliers on LVEF calculation is limited.

We evaluated the computational complexity of the model from three aspects: number
of parameters, inference speed, and floating-point operations per second (Flops), and the
results are shown in Table 3. It reveals that although the introduction of the MSEA-U-Net
encoder increases the parameter number of the model and introduces additional complexity
to the model, the inference speed is improved. This indicates that the design MSEA-U-Net
encoder allows the model to process information more efficiently, leading to faster inference
times despite the increased complexity.

Table 3. Computational complexity comparison with the existing methods.

Method Parameter (M) Speed (ms/f ) Flops (G)

Echonet-Dynamic 39.60 14 7.85
Joint-net 117.27 62 108.32

TransBridge-B 3.49 - -
TransBridge-L 11.30 - -

PLANet 20.75 34 74.95
BSSF-Net 74.79 32 56.36
JSAO-Net 17.27 9 7.69

Ours 24.70 8 68.65

3.2.2. Qualitative Analysis

To save space, this paper visually compares our proposed model with the JSAO-
Net model, which exhibited the best performance among the comparison algorithms, as
depicted in Figure 6. For clarity, we present the segmentation contour results, where the
red circle denotes the ground truth label, the blue circle represents the segmentation result
of the comparison algorithm, and the green circle indicates the segmentation result of
our proposed model. As evident from the white box in Figure 6, our proposed model
achieves more accurate edge segmentation compared to JSAO-Net [20], demonstrating
superior precision in delineating the left ventricular boundary. The segmentation branch
in JASO-Net merely employs a U-Net-like structure without proposing specific strategies
to address the fuzzy edges of the left ventricle. In contrast, the DSMSFM and ELAM
introduced in our model significantly enhance semantic fusion and edge information
attention, outperforming JSAO-Net in these aspects.
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(a) sample1 (b) sample2 (c) sample3

Figure 6. The segmentation results of the ES frame and ED frame. From (a–c), each column is a
sample of the ES and ED frames in the video. The green line is the result of this work. The blue line is
the result of the contrast algorithm (JSAO-Net), and the red line is the label. The white box presents
the main difference between the segmentation results of the two algorithms.

Figure 7 illustrates the segmentation capability of our proposed algorithm on transition
frames. The figure displays the segmentation results of two video clips, with frames ordered
from left to right and then from the first row to the second row. The first frame corresponds
to the ES frame, and the last frame corresponds to the ED frame. Additionally, four
transition frames are included for each video clip. For each frame, the left side shows
the original frame, while the right side presents the segmentation contour result. As
shown in Figure 7, Our model not only demonstrates superior performance on ES and ED
frames but also achieves remarkable segmentation results on transition frames. The white
box highlights that the JSAO-Net model tends to overshoot the segmentation boundary,
whereas our model exhibits more stable and accurate performance. The segmentation
of transition frames relies on both semantic segmentation and optical flow learning. In
this study, the semantic segmentation branch extracts multi-scale edge features of the left
ventricle to enhance robustness against the fuzzy edges characteristic of ultrasound images.
Subsequently, spatio-temporal information transfer between adjacent frames is achieved
through the optical flow field changes learned by the optical flow branch. This integrated
process not only improves the segmentation accuracy of key frames but also enhances the
precision and consistency of transition frame segmentation.

In summary, this algorithm achieves joint spatio-temporal learning of the left ventricle
in echocardiography by employing a dual-task network that combines semantic segmen-
tation and optical flow learning. Utilizing the proposed MSEA-U-Net architecture, our
approach enhances the model’s ability to recognize the fuzzy edges of the left ventricle,
leading to improved performance in video segmentation tasks. When compared to existing
algorithms, our method not only demonstrates superior segmentation accuracy for ES
and ED frames but also exhibits more stable and precise segmentation capabilities across
intermediate frames.
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(a) ES Frame

(e) Transition Frame(d) Transition Frame

(c) Transition Frame(b) Transition Frame

(f) ED Frame

Figure 7. The comparison results of unlabeled transition frames are shown in the figure. (a,f) are
ES and ED frames, respectively, and (b–e) are four transition frames between them. The left side
of each image shows the original image and the right side shows the corresponding comparison
visualization. The green line is the result of this work. The blue line is the result of the JSAO-Net, and
the red line is the label. The white box presents the main difference between the segmentation results
of the two algorithms.

4. Discussion
In this study, we introduce a novel method for automatic left ventricular segmentation

based on a self-attention mechanism with dual-task learning. The first task involves
learning the optical flow fields between consecutive frames using an optical flow branch,
while the second task focuses on supervised semantic segmentation. To enhance the model’s
ability to segment fuzzy boundaries of the left ventricle, we propose a multi-scale edge-
attention U-Net segmentation model. The two tasks are jointly trained using a temporal
consistency constraint. We validated our approach on the EchoNet-Dynamic dataset, the
largest available echocardiographic dataset. The experimental results demonstrate that
our method achieves superior segmentation performance for left ventricular ED and ES
frames, as well as transition frames. This capability is crucial for accurately estimating left
ventricular volume in clinical settings and provides an important tool for the calculation of
ejection fraction.

Existing echocardiographic segmentation algorithms primarily focus on single-frame
segmentation of ED and ES frames, neglecting the temporal correlations between consec-
utive frames. However, manually labeling each frame is extremely costly. Therefore, in
our study, we propose using optical flow to capture the changes in the optical flow field
between frames in an unsupervised manner. This approach allows us to obtain the tempo-
ral connections between frames without increasing labeling costs, and the segmentation
branch is guided through joint training. To achieve better segmentation results, current
semantic segmentation networks for echocardiography have introduced various pyra-
mid fusion modules and attention mechanisms to enhance feature extraction and fusion
capabilities [33–35]. However, these methods do not specifically address the fuzzy edges
characteristic of echocardiographic images. In the encoder stage, we propose a DSMSFM to
achieve a multi-scale fusion of rich semantic features. In the decoder stage, we introduce
an EPAM to better recover edge information through the combined efforts of edge position
attention and edge-pixel information-attention modules.

Our approach excels by leveraging frame-to-frame spatio-temporal characteristics
and employing a targeted strategy for the fuzzy edges of the left ventricle. However, our
approach has certain limitations. If a patient has heart disease, it may cause ventricular
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deformation or arrhythmias, which can affect the learning performance of the optical flow
branch. Additionally, noise in echocardiograms affects not only the optical flow branch but
also the segmentation branch.

Automatic left ventricle segmentation is an important step for LVEF evaluation, as
it enables beat-by-beat estimation of ESV and EDV. Through the segmentation, we can
calculate LVEF using the mean value of all beats, which follows the clinical convention, par-
ticularly in conditions like heart failure and cardiomyopathy. Improving the accuracy of left
ventricular segmentation enhances the reliability of ESV and EDV measurements, leading
to more precise LVEF calculations. Given that LVEF is a key indicator for assessing cardiac
function and guiding clinical treatment decisions, improving the accuracy of left ventricular
segmentation is a crucial step in enhancing the precision of LVEF assessment and holds
significant clinical importance. Based on the segmentation result, we obtained the LVEF
through beat-by-beat measurement, where LVEF is a crucial index to assess cardiac function
in clinical practice. To show the clinical relevance of improved segmentation accuracy, as
shown in Table 4, we use two indexes, p-value and Cohen’s d. In clinical research, p-values
determine whether results are statistically significant, meaning the observed differences
are unlikely due to random factors, with values below 0.05 typically considered significant.
Cohen’s d measures the magnitude of the effect by standardizing the difference in means
between two groups, helping to assess the practical significance of the results. Accord-
ing to Cohen’s guidelines, effect sizes of 0.2, 0.5, and 0.8 represent small, medium, and
large effects, respectively. Hence, p-values and Cohen’s d provide a more comprehensive
evaluation of the clinical relevance of the improvement in segmentation performance and
corresponding enhancement in LVEF. It can be seen that the p-values and Cohen’s d values
are very similar among the three models, where p-values are smaller than 0.05, and Cohen’s
d values are larger than 0.8. It means that automatic segmentation algorithms can achieve
more reliable LVEF estimation, and has a positive impact on diagnosis and assessment in
clinical practice.

Table 4. Clinical relevance of improved segmentation accuracy.

Method Dice Score (%) p-Value Cohen’s d

Echonet-Dynamic 91.97 2.62 ×10−12 1.073
JSAO-Net 92.64 1.13 ×10−13 1.041

Ours 92.71 9.82 ×10−11 1.044

In future studies, we can explore the characteristics of ventricular deformation and
constrain the learning of optical flow by introducing prior knowledge or incorporating a
shape loss function during the loss calculation stage. To address the impact of noise, we
can investigate more advanced feature fusion methods, such as employing additional self-
attention mechanisms or larger receptive field attention mechanisms. Since segmentation
results at the pixel level are influenced by multiple factors, these approaches can help
mitigate the impact of noise on segmentation outcomes.

Although our method has achieved promising results in left ventricular segmentation
of echocardiograms, future research will continue to explore more advanced left ventricular
segmentation methods, with a particular focus on fully utilizing the periodicity of the
heartbeat and effectively addressing the noise inherent in echocardiographic images.

5. Conclusions
In this paper, we present a novel video segmentation network for echocardiography,

MUF-Net, developed based on the EchoNet-Dynamic dataset. The network has a dual-task
architecture that includes semantic segmentation and optical flow learning. For semantic
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segmentation, we propose a multi-scale edge-attention U-Net to enhance the model’s ability
to segment the fuzzy edges of the left ventricle. The optical flow learning task captures
the changes in the optical flow field between frames, thereby enabling accurate segmen-
tation of adjacent frames. The two branches collaborate to integrate spatial and temporal
information from the video using a temporal consistency module, thereby improving
the performance of left ventricular segmentation. Experimental results demonstrate that
our model outperforms both 2D ES and ED frame segmentation methods and existing
echocardiographic video segmentation methods, achieving a Dice score of 92.71%. The
performance of our algorithm is more stable and reliable compared to other algorithms.
In future work, we will explore more advanced temporal feature extraction strategies and
fusion mechanisms to further enhance the model’s segmentation performance.

Author Contributions: Conceptualization, Y.Z.; Methodology, J.L.; Software, J.M.; Supervision, J.L.,
Y.Z. and S.H.L.; Validation, J.M.; Visualization, J.M.; Writing—original draft, J.L. and J.M.; Writing—
review and editing, J.L., Y.Z. and S.H.L. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the Research Project of China Medical Association of Minori-
ties, grant number 2023ZY169-47.

Institutional Review Board Statement: The Echonet-Dynamic dataset we used in this paper is public
available, where they had declared that “This research was approved by the Stanford University
Institutional Review Board and data privacy review through a standardized workflow by the Center
for Artificial Intelligence in Medicine and Imaging (AIMI) and the University Privacy Office”.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Data are contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

References
1. Jagannathan, R.; Patel, S.A.; Ali, M.K.; Narayan, K.V. Global updates on cardiovascular disease mortality trends and attribution

of traditional risk factors. Curr. Diabetes Rep. 2019, 19, 1–12. [CrossRef] [PubMed]
2. Cikes, M.; Solomon, S.D. Beyond ejection fraction: An integrative approach for assessment of cardiac structure and function in

heart failure. Eur. Heart J. 2016, 37, 1642–1650. [CrossRef] [PubMed]
3. Hung, J.; Lang, R.; Flachskampf, F.; Shernan, S.K.; McCulloch, M.L.; Adams, D.B.; Thomas, J.; Vannan, M.; Ryan, T. 3D

echocardiography: A review of the current status and future directions. J. Am. Soc. Echocardiogr. 2007, 20, 213–233. [CrossRef]
[PubMed]

4. Ali, Y.; Janabi-Sharifi, F.; Beheshti, S. Echocardiographic image segmentation using deep Res-U network. Biomed. Signal Process.
Control 2021, 64, 102248. [CrossRef]

5. Puyol-Antón, E.; Ruijsink, B.; Sidhu, B.S.; Gould, J.; Porter, B.; Elliott, M.K.; Mehta, V.; Gu, H.; Rinaldi, C.A.; Cowie, M.; et al.
AI-Enabled Assessment of Cardiac Systolic and Diastolic Function from Echocardiography. In Proceedings of the International
Workshop on Advances in Simplifying Medical Ultrasound, Singapore, 18 September 2022; Springer: Berlin/Heidelberg, Germany,
2022; pp. 75–85.

6. Li, M.; Dong, S.; Gao, Z.; Feng, C.; Xiong, H.; Zheng, W.; Ghista, D.; Zhang, H.; de Albuquerque, V.H.C. Unified model for
interpreting multi-view echocardiographic sequences without temporal information. Appl. Soft Comput. 2020, 88, 106049.
[CrossRef]

7. Zeng, Y.; Tsui, P.H.; Pang, K.; Bin, G.; Li, J.; Lv, K.; Wu, X.; Wu, S.; Zhou, Z. MAEF-Net: Multi-attention efficient feature fusion
network for left ventricular segmentation and quantitative analysis in two-dimensional echocardiography. Ultrasonics 2023,
127, 106855. [CrossRef]

http://doi.org/10.1007/s11892-019-1161-2
http://www.ncbi.nlm.nih.gov/pubmed/31222515
http://dx.doi.org/10.1093/eurheartj/ehv510
http://www.ncbi.nlm.nih.gov/pubmed/26417058
http://dx.doi.org/10.1016/j.echo.2007.01.010
http://www.ncbi.nlm.nih.gov/pubmed/17336747
http://dx.doi.org/10.1016/j.bspc.2020.102248
http://dx.doi.org/10.1016/j.asoc.2019.106049
http://dx.doi.org/10.1016/j.ultras.2022.106855


Sensors 2025, 25, 2704 20 of 21

8. Deng, K.; Meng, Y.; Gao, D.; Bridge, J.; Shen, Y.; Lip, G.; Zhao, Y.; Zheng, Y. Transbridge: A lightweight transformer for
left ventricle segmentation in echocardiography. In Proceedings of the Simplifying Medical Ultrasound: Second International
Workshop, ASMUS 2021, Held in Conjunction with MICCAI 2021, Strasbourg, France, 27 September 2021; Proceedings 2; Springer:
Berlin/Heidelberg, Germany, 2021; pp. 63–72.

9. Shi, S.; Alimu, P.; Mahemuti, P.; Chen, Q.; Wu, H. The Study of Echocardiography of Left-Ventricle Segmentation Combining
Transformer and CNN. 2022. Available online: https://ssrn.com/abstract=4184447 (accessed on 8 August 2022).

10. Vaswani, A. Attention is all you need. In Proceedings of the Advances in Neural Information Processing Systems 30, Long Beach,
CA, USA, 4–9 December 2017.

11. Alexey, D. An image is worth 16x16 words: Transformers for image recognition at scale. arXiv 2020, arXiv:2010.11929.
12. Ye, Z.; Kumar, Y.J.; Song, F.; Li, G.; Zhang, S. Bi-DCNet: Bilateral Network with Dilated Convolutions for Left Ventricle

Segmentation. Life 2023, 13, 1040. [CrossRef]
13. Wei, H.; Cao, H.; Cao, Y.; Zhou, Y.; Xue, W.; Ni, D.; Li, S. Temporal-consistent segmentation of echocardiography with co-learning

from appearance and shape. In Proceedings of the Medical Image Computing and Computer Assisted Intervention–MICCAI
2020: 23rd International Conference, Lima, Peru, 4–8 October 2020; Proceedings, Part II 23; Springer: Berlin/Heidelberg, Germany,
2020; pp. 623–632.

14. Chen, Y.; Zhang, X.; Haggerty, C.M.; Stough, J.V. Assessing the generalizability of temporally coherent echocardiography video
segmentation. In Proceedings of the Medical Imaging 2021: Image Processing, Online, 15–20 February 2021; SPIE: Bellingham,
WA, USA, 2021; Volume 11596, pp. 463–469.

15. Li, M.; Wang, C.; Zhang, H.; Yang, G. MV-RAN: Multiview recurrent aggregation network for echocardiographic sequences
segmentation and full cardiac cycle analysis. Comput. Biol. Med. 2020, 120, 103728. [CrossRef] [PubMed]

16. Sirjani, N.; Moradi, S.; Oghli, M.G.; Hosseinsabet, A.; Alizadehasl, A.; Yadollahi, M.; Shiri, I.; Shabanzadeh, A. Automatic cardiac
evaluations using a deep video object segmentation network. Insights Imaging 2022, 13, 69. [CrossRef] [PubMed]

17. Painchaud, N.; Duchateau, N.; Bernard, O.; Jodoin, P.M. Echocardiography segmentation with enforced temporal consistency.
IEEE Trans. Med Imaging 2022, 41, 2867–2878. [CrossRef] [PubMed]

18. Wu, H.; Liu, J.; Xiao, F.; Wen, Z.; Cheng, L.; Qin, J. Semi-supervised segmentation of echocardiography videos via noise-resilient
spatiotemporal semantic calibration and fusion. Med Image Anal. 2022, 78, 102397. [CrossRef] [PubMed]

19. Ouyang, D.; He, B.; Ghorbani, A.; Lungren, M.P.; Ashley, E.A.; Liang, D.H.; Zou, J.Y. Echonet-dynamic: A large new cardiac
motion video data resource for medical machine learning. In Proceedings of the NeurIPS ML4H Workshop, Vancouver, BC,
Canada, 13 December 2019; pp. 1–11.

20. Lyu, J.; Meng, J.; Zhang, Y.; Ling, S.H.; Sun, L. Joint semantic feature and optical flow learning for automatic echocardiography
segmentation. In Proceedings of the International Conference on Intelligent Computing, Tianjin, China, 5–8 August 2024;
Springer: Berlin/Heidelberg, Germany, 2024; pp. 160–171.

21. Deng, X.; Wu, H.; Zeng, R.; Qin, J. MemSAM: Taming Segment Anything Model for Echocardiography Video Segmentation.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 16–22 June 2024;
pp. 9622–9631.

22. Ronneberger, O.; Fischer, P.; Brox, T. U-net: Convolutional networks for biomedical image segmentation. In Proceedings of
the Medical Image Computing and Computer-Assisted Intervention—MICCAI 2015: 18th International Conference, Munich,
Germany, 5–9 October 2015; Proceedings, Part III 18; Springer: Berlin/Heidelberg, Germany, 2015; pp. 234–241.

23. Hu, J.; Shen, L.; Sun, G. Squeeze-and-excitation networks. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 7132–7141.

24. Sandler, M.; Howard, A.; Zhu, M.; Zhmoginov, A.; Chen, L.C. MobileNetV2: Inverted Residuals and Linear Bottlenecks. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Salt Lake City, UT, USA, 18–23
June 2018.

25. Sobel, I.; Feldman, G. A 3 × 3 isotropic gradient operator for image processing. A Talk Stanf. Artif. Proj. 1968, 1968, 271–272.
26. Dosovitskiy, A.; Fischer, P.; Ilg, E.; Hausser, P.; Hazirbas, C.; Golkov, V.; Van Der Smagt, P.; Cremers, D.; Brox, T. Flownet: Learning

optical flow with convolutional networks. In Proceedings of the IEEE International Conference on Computer Vision, Santiago,
Chile, 7–13 December 2015; pp. 2758–2766.

27. Godard, C.; Mac Aodha, O.; Brostow, G.J. Unsupervised monocular depth estimation with left-right consistency. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 270–279.

28. Yin, Z.; Shi, J. Geonet: Unsupervised learning of dense depth, optical flow and camera pose. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 1983–1992.

29. Ding, M.; Wang, Z.; Zhou, B.; Shi, J.; Lu, Z.; Luo, P. Every frame counts: Joint learning of video segmentation and optical flow. In
Proceedings of the AAAI Conference on Artificial Intelligence, Hilton, NY, USA, 7–12 February 2020; Volume 34, pp. 10713–10720.

30. Ouyang, D.; He, B.; Ghorbani, A.; Yuan, N.; Ebinger, J.; Langlotz, C.P.; Heidenreich, P.A.; Harrington, R.A.; Liang, D.H.; Ashley,
E.A.; et al. Video-based AI for beat-to-beat assessment of cardiac function. Nature 2020, 580, 252–256. [CrossRef] [PubMed]

https://ssrn.com/abstract=4184447
http://dx.doi.org/10.3390/life13041040
http://dx.doi.org/10.1016/j.compbiomed.2020.103728
http://www.ncbi.nlm.nih.gov/pubmed/32250857
http://dx.doi.org/10.1186/s13244-022-01212-9
http://www.ncbi.nlm.nih.gov/pubmed/35394221
http://dx.doi.org/10.1109/TMI.2022.3173669
http://www.ncbi.nlm.nih.gov/pubmed/35533176
http://dx.doi.org/10.1016/j.media.2022.102397
http://www.ncbi.nlm.nih.gov/pubmed/35259635
http://dx.doi.org/10.1038/s41586-020-2145-8
http://www.ncbi.nlm.nih.gov/pubmed/32269341


Sensors 2025, 25, 2704 21 of 21

31. Liu, F.; Wang, K.; Liu, D.; Yang, X.; Tian, J. Deep pyramid local attention neural network for cardiac structure segmentation in
two-dimensional echocardiography. Med. Image Anal. 2021, 67, 101873. [CrossRef] [PubMed]

32. Ta, K.; Ahn, S.S.; Stendahl, J.C.; Sinusas, A.J.; Duncan, J.S. A semi-supervised joint network for simultaneous left ventricular
motion tracking and segmentation in 4D echocardiography. In Proceedings of the Medical Image Computing and Computer
Assisted Intervention–MICCAI 2020: 23rd International Conference, Lima, Peru, 4–8 October 2020; Proceedings, Part VI 23;
Springer: Berlin/Heidelberg, Germany, 2020; pp. 468–477.

33. Ding, W.; Zhang, H.; Liu, X.; Zhang, Z.; Zhuang, S.; Gao, Z.; Xu, L. Multiple token rearrangement Transformer network with
explicit superpixel constraint for segmentation of echocardiography. Med. Image Anal. 2025, 101, 103470. [CrossRef] [PubMed]

34. Lin, T.Y.; Dollár, P.; Girshick, R.; He, K.; Hariharan, B.; Belongie, S. Feature pyramid networks for object detection. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 2117–2125.

35. Lin, J.; Xie, W.; Kang, L.; Wu, H. Dynamic-guided Spatiotemporal Attention for Echocardiography Video Segmentation. IEEE
Trans. Med. Imaging 2024, 43, 3843–3855. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1016/j.media.2020.101873
http://www.ncbi.nlm.nih.gov/pubmed/33129143
http://dx.doi.org/10.1016/j.media.2025.103470
http://www.ncbi.nlm.nih.gov/pubmed/39874683
http://dx.doi.org/10.1109/TMI.2024.3403687
http://www.ncbi.nlm.nih.gov/pubmed/38771692

	Introduction
	Materials and Methods
	Methods
	Overview of Framework Workflow
	Segmentation Learning
	Optical Flow Learning
	Cooperation Mechanism and Joint Learning

	Materials

	Experiment Results
	Ablation Experiment
	Evaluation of Introducing Optical Flow Branch
	Evaluation of the Proposed MSEA-U-Net Semantic Segmentation Model

	Comparison with Existing Methods
	Quantitative Analysis
	Qualitative Analysis


	Discussion
	Conclusions
	References

