
  

  

Abstract— The segmentation of cardiac chambers is essential 
for the clinical diagnosis and treatment of cardiovascular 
diseases. It is demonstrated that in cardiac disease, the left 
ventricle (LV) is extensively involved. Therefore, segmentation 
of the LV in echocardiographic images is critical for the precise 
evaluation of factors that influence cardiac function such as LV 
volume, ejection fraction, and LV mass. Although these 
measurements could be obtained by manual segmentation of the 
LV, it would be time-consuming and inaccurate because of the 
poor quality and low contrast of these images. Convolutional 
neural networks, commonly referred to as CNNs, have emerged 
as a highly favored deep learning technique for medical image 
segmentation. Despite their popularity, the pooling layers in 
CNNs ignore the spatial information and do not consider the 
part-whole hierarchy relationships. Furthermore, they require a 
large training dataset and a large number of parameters. 
Therefore, Capsule Networks are proposed to address the CNNs 
limitations. In this study, for the first time, an optimized capsule-
based network for object segmentation called SegCaps is 
proposed to achieve accurate LV segmentation on 
echocardiography images applied to the CAMUS dataset. The 
result was compared against the standard 2D-UNet. The 
modified SegCaps and 2D-UNet achieved an average Dice 
similarity coefficient (DSC) of 84.48% and 83.28% on LV 
segmentation, respectively. The capabilities of the CapsNet led 
to an improvement of 1.44% in DSC with 92.77% fewer 
parameters than the U-Net. The results indicate that the 
proposed method leads to accurate and efficient LV 
segmentation. 
 

Clinical Relevance— From a clinical point of view, our 
findings lead to more precise evaluations of critical cardiac 
parameters, including ejection fraction as well as left ventricle 
volume at end-diastole and end-systole. 

I. INTRODUCTION 

Cardiovascular diseases are among the top causes of death 
worldwide, which jumped from third place in 2009 to first 
place in 2019 [1]. The first step towards an adequate clinical 
diagnosis of cardiovascular diseases is using various current 
imaging techniques, including magnetic resonance imaging 
(MRI), computed tomography (CT), and ultrasound. These 
imaging modalities visualize various cardiac structures in 
detail non-invasively for diagnosing cardiovascular diseases 
[2]. Among the different imaging modalities, cardiac 
ultrasound (echocardiography) is a commonly used method for 
cardiovascular disease diagnosis because of its real-time 
visualization and non-ionizing radiation. Different 
cardiovascular diseases are evident in the left ventricle (LV), 
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which can be detected in echocardiography images. According 
to studies, most cardiovascular diseases could be identified by 
an inspection of the LV in terms of its dimensions, shape, wall 
thickness, and cavity size [3]. Accurate segmentation of the 
LV is critical for the precise evaluation of cardiac function 
factors such as LV volume, ejection fraction, and LV mass. 
Although the manual segmentation of LV by physicians is 
considered clinical ground truth, it would be time-consuming 
and tedious. Therefore, automated methods are needed to 
achieve more efficient segmentation results [4].  In this regard, 
LV segmentation strategies based on conventional approaches, 
including shape-based [5], appearance-based [6], and active 
contour approaches [7] have been proposed. Recently, Gomez 
et al. [8] proposed a method to segment the LV from 
echocardiography images using a full multiresolution active 
shape model (ASM). Recently, in 2021, a novel 
echocardiographic image segmentation approach, which 
combines the ASM, Nakagami distribution, and mean squared 
eigenvalue error was proposed [9]. Despite the wide use and 
popularity of the explained methods, accurate detection of the 
endocardial border in LV segmentation remains a challenging 
task.  

Compared to conventional methods, deep learning approaches 
have been widely applied in medical image segmentation and 
have allowed us to achieve impressive accuracy [10-12]. 
Among various deep learning techniques, U-Net has been the 
standard convolutional neural network (CNN) framework for 
medical image segmentation [13]. In this regard, in 2017, 
Smistad et al. decrease the need for manual segmentation by 
pre-training a CNN using via a Kalman filter (KF)-based 
segmentation method. Their findings showed that a CNN 
trained only on generated data could even achieve the same 
accuracy as the conventional methods [14]. In 2021, Zhao et 
al. used bidirectional feature fusion (BFF-Net) and wavelet 
methods to create integrated wavelet networks in order to 
segment the left atrium and LV of the echocardiogram. They 
reduced the effect of noise, optimized the loss function, and 
improved the accuracy of segmentation [15]. In 2022, multiple 
designs are developed by Belfilali et al. [16], which build a set 
of pre-trained CNNs in order to use them in five segmentation 
topologies, including LinkNet, TransUNet, Attention UNet, 
UNet1, and UNet2. The results of the experiments showed that 
the suggested framework using the UNet1VGG19 
outperformed other networks with a Dice similarity coefficient 
(DSC) of 93.30% and a Hausdorff distance of 4.01 mm. 
Recently, in 2023, Sfakianakis et al. [17] used a UNet-based 
network to extract the myocardium, left atrium, and LV from 
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a cardiac ultrasound image dataset. They've introduced a 
substantial data augmentation strategy inspired by medical 
images, which is used to significantly improve the training 
procedure. They achieved DSC of 94.6% at the end of the 
diastole (ED) phase and 92.9% at the end of the systole (ES) 
phase. 

Despite the popularity of CNNs in medical image 
segmentation, inaccuracies in the output are noticeable. 
Pooling layers in CNNs ignore the spatial information and do 
not consider the part-whole hierarchical relationships, which 
also require a large training dataset. Therefore, in 2017, 
capsule networks (CapsNet) were introduced by Sabour et al. 
as an alternative to CNNs [18]. Their ability to extract inherent 
spatial relationships, understand various image poses such as 
position, size, and orientation, and train on small datasets takes 
them into consideration [19, 20]. CapsNets use a "routing by 
agreement" algorithm between different layers, which replaces 
pooling in CNNs. CapsNets have the potential to achieve high 
performance [21] for segmentation tasks in medical image 
analysis, LaLonde et al. used capsule networks for the object 
segmentation task [22]. They expanded the idea of capsule 
networks and introduced the concept of deconvolutional 
capsules, which led to the development of a novel 
convolutional-deconvolutional capsule architecture called 
SegCaps. This architecture produces impressive outcomes for 
object segmentation. To evaluate its performance, they applied 
the proposed SegCaps for the segmentation of pathological 
lung CT images and compared its accuracy with other UNet-
based architectures. As opposed to main capsules, images of 
large size can be fed into SegCaps. SegCaps architecture can 
provide a noticeable decrease in the number of UNet 
architecture parameters by 95.4% while obtaining more 
accurate segmentation results [23]. They also have an 
improved representation of spatial information and greater 
segmentation accuracy while using fewer parameters than the 
current state-of-the-art models.   

Therefore, in this study, we proposed a novel work that 
promotes the optimization of capsule network architecture for 
LV segmentation in echocardiography images.  

II. METHOD AND MATERIAL 

A. Data Description 
In this study we have used Cardiac Acquisitions for Multi-
structure Ultrasound Segmentation (CAMUS) dataset 
published by Leclerc et al. [24]. The CAMUS dataset was 
acquired from GE Vivid E95 ultrasound scanners, with a GE 
M5S probe. In order to estimate the LV volumes with high 
resolution, two sequences were selected for each patient, 
namely 2D four-chamber and two-chamber views. The 
resolution along the x-axis (parallel to the probe) was set at 
λ/2 = 0.3 mm, while the resolution along the z-axis 
(perpendicular to the probe) was set at λ/4 = 0.15 mm, where 
λ represents the wavelength of the ultrasound probe with 
ground truth of cardiac structures at ED and ES. This dataset 
includes different quality B-mode images of 500 patients 
(10% were categorized as good or average, while 90% were 
of low quality) and with varying degrees of ejection fraction 
(EF) (40% of patients with an EF lower than 45% and 60% of 
patients with an EF higher than 55%).  

B. Capsule Network 

The CapsNets' architecture has two significant advantages 
over CNNs; Namely, the capsule concept and route by 
agreement algorithm. In a capsule network architecture, each 
layer comprises a set of capsules (groups of neurons) that 
extract features from different areas of feature space. Each 
capsule layer represents the parameters of an object, like its 
orientation and pose, by using dynamic routing and route by 
agreement algorithms. This property provides part-to-whole 
relationships that cannot be achieved using CNNs. The output 
of each capsule is a vector that describes the retrieved pose 
information, such as orientation. The vector's length indicates 
the entity's probability of existence and its orientation indicates 
the pose information [22]. 

C. SegCaps Architecture 

SegCaps expands the use of CapsNet to the task of object 
segmentation [23]. In this study, SegCaps is optimized to 
accurately segment the LV of the heart from echocardiography 
images, which is implemented in Fig. 1. 

At first, the input is fed to SegCaps network as a 224×224 
pixel image. Then it passed through a 2D convolutional layer 
that produces 16 feature maps with the same spatial 
dimensions. The obtained feature map forms the first set of 
capsules, with a 16-dimensional vector and 224×224 grid size, 
and attempts to reconstruct the same image from scratch. In 
the following, the process is generalized for any given layer 𝑙𝑙 
in the network. 

In convolutional capsules, every capsule receives a set of 
prediction vectors, 𝑢𝑢�(𝑥𝑥,𝑦𝑦),𝑘𝑘,𝑙𝑙  which are produced in coordinate 
(𝑥𝑥, 𝑦𝑦) and layer 𝑙𝑙. The prediction vectors are calculated by 
multiplying a locally learned transformation matrix for each 
capsule type by a user-defined window of outputs from the 
preceding layer, 𝑈𝑈(𝑥𝑥,𝑦𝑦),𝑘𝑘,𝑙𝑙. To determine the final input to each 
capsule, routing coefficients are determined by the dynamic 
routing algorithm. The output of the iterative routing 
procedure 𝑟𝑟(𝑥𝑥,𝑦𝑦),𝑘𝑘,𝑙𝑙 is the coefficients used by prediction 
vectors to create the input for each capsule in the following 
layer (1). 

                        𝑃𝑃(𝑥𝑥,𝑦𝑦),𝑘𝑘,𝑙𝑙+1 = ∑𝑟𝑟(𝑥𝑥,𝑦𝑦),𝑘𝑘,𝑙𝑙 ∙ 𝑢𝑢�(𝑥𝑥,𝑦𝑦),𝑘𝑘,𝑙𝑙                  (1)  

In the subsequent phase, a squash function is applied to 
each capsule layer in order to obtain the capsule output vector 
(2). 

                            𝑉𝑉(𝑥𝑥,𝑦𝑦) =
�𝑃𝑃(𝑥𝑥,𝑦𝑦)�

2

1+ �𝑃𝑃(𝑥𝑥,𝑦𝑦)�
2 ∙

𝑃𝑃(𝑥𝑥,𝑦𝑦)

�𝑃𝑃(𝑥𝑥,𝑦𝑦)�
                       (2)  

𝑃𝑃(𝑥𝑥,𝑦𝑦) is the final output, and 𝑉𝑉(𝑥𝑥,𝑦𝑦) is the vector output, 
which maintain its directional independence and spatial 
location (x,y). The last capsule layer calculates the dot product 
of the input vector with the prediction vector as follows (3): 

                               𝑎𝑎(𝑥𝑥,𝑦𝑦),𝑘𝑘,𝑙𝑙 = 𝑉𝑉(𝑥𝑥,𝑦𝑦) ∙ 𝑢𝑢�(𝑥𝑥,𝑦𝑦),𝑘𝑘,𝑙𝑙                       (3) 
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Figure 1. Illustration of the proposed SegCaps network architecture  

D. 2D-UNet 
The proposed network is compared against a network that 

is conceptually identical to the standard 2D-UNet (Fig. 2). In 
the first path of UNet, called the encoder, the number of 
features is gradually increased by going through multiple 
layers of convolution and downsampling. When it comes to 
the second path, the decoder, multiple steps of upsampling are 
used to get back to the original image resolution.  

III. EXPERIMENTS AND RESULTS 

A. Experimental Configuration 
All experiments are executed using the TensorFlow library 

in Python and an NVIDIA GeForce GTX 1050 Ti graphics 
processing unit (GPU). In this study, we employed the LV 
ground truth from the CAMUS dataset, which consists of 500 
cases in total, and its detailed information is provided in Table 
I.  

B. Analysis of Experiments 
To quantify the experiment's result, DSC is defined as a 

statistical validation metric, using Equation 4. The final DSC 
results and the number of network parameters for the proposed 
method and 2D-UNet for 140 epochs of training are shown in 
Table II. 

                                        DSC = 2|AG∩AS|
|AG|+|AS|

                               (4)  

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 = 0≤𝐷𝐷𝐷𝐷𝐷𝐷≤ 1 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 
 

The DSC is a spatial overlap index and measures the 
overlap between the segmentation results AS and the ground 
truth AG. 
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Figure 2. A diagrammatic representation of the 2D-UNet. 

TABLE I.           DETAILED DATASET SPLITTING INFORMATION 

500 Case 
450 Case 50 Case 

Quality Ejection 
Fraction Quality Ejection 

Fraction 

Low Good or 
Average 

Lower 
than 
45% 

Higher 
than 
55% 

Low Good or 
Average 

Lower 
than 
45% 

Higher 
than 
55% 

84 case 366 case 222 case 87 case 10 case 40 case 24 case 10 case 
1800 Image 200 Image 

Train Validation Test 
70% 30% 100% 

 

TABLE II.          NUMBER OF PARAMETERS AND DSC RESULTS OF 
2D-UNET AND  PROPOSED METHOD ON CAMUS DATASET. 

Approach DSC score (%) Parameters 
SegCaps 84.48 0.6M  
2D-UNet 83.28 7.7M 
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Figure 3. Simpson's biplane method 

In addition, the accurate segmentation results lead to 
determining the LV volume of ED (LVED) and ES (LVES) 
frames using Simpson's biplane method of discs (Fig. 3) [25]. 

Consequently, the LV Ejection Fraction (LVEF) was 
calculated based on the difference between the LVED and LVES 
according to Equation 5.  

                              LV𝐸𝐸𝐸𝐸  = LV𝐸𝐸𝐸𝐸− LV𝐸𝐸𝐸𝐸
LV𝐸𝐸𝐸𝐸

× 100                         (5)  

To evaluate the segmentation performance of SegCaps and 
2D-UNet on the CAMUS dataset qualitatively, the 
segmentation results for case 2 of the dataset at the ES and ED 
for two-chamber and four-chamber views are shown in Fig. 4. 

IV. CONCLUSION 
Accurate segmentation of LV enables physicians to 

evaluate cardiac function and diseases. Motivated by the 
prominence of capsule network architecture, this study aimed 
to apply the SegCaps network for LV segmentation in 
echocardiography images. Our findings proved that SegCaps 
outperformed other methods in improving the accuracy and 
efficiency of automatic LV segmentation in 2D 
echocardiographic images. In this study, the CAMUS dataset 
was used to evaluate the modified SegCaps. This network is 
able to achieve a mean DSC of 84.48% with 92.77% fewer 
parameters than 2D-UNet, as shown in Table II.  
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Figure 4. Segmentation results of case 2 for four-chamber and two-
chamber views in ED and ES by using the third row: 2D-UNet, and fourth 
row: SegCaps methods. Original and ground truth images are shown in the 
first and second rows, respectively. 

The findings of our modified SegCaps have revealed that, 
in addition to increasing accuracy, the computational cost has 
decreased. The modified SegCaps have segmented the LV 
endocardium for diverse views of images, including diastole 
and systole efficiently, as illustrated in Fig. 4. In this study, we 
have successfully managed to overcome the limitations of 
CNN by taking advantage of capsule networks. This work 
provides a promising approach for further implementation of 
advanced segmentation methods in echocardiography imaging 
systems. 
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