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ABSTRACT OF THE DISSERTATION 

 
Segmentation and Tracking of Echocardiograms Using Deep Learning Algorithms 

 
By 

 
Arghavan Arafati 

 
Doctor of Philosophy 

 In 
Mechanical and Aerospace Engineering 

 
University of California, Irvine, 2019 

 
Professor Arash Kheradvar, Chair 

 
 
Echocardiography has been the preferred imaging modality to study the heart chambers 

for routine screening purposes. However, it suffers from subjective interpretation and 

inter- and intra-operator variability. The clinical need for fast, accurate and automated 

analysis of echocardiograms is currently unmet.  

Precise automatic analysis will offer considerable improvements in clinical workflow 

efficiency and reproducibility. Automatic segmentation and tracking of cardiac chambers 

are the essential steps for consistent calculation of clinical indices such as ventricular 

volumes and ejection fraction. Currently, segmentation of echocardiographic images is a 

manual and tedious task. Machine learning has recently been the center of attention in 

radiology helping automatic identification of complex patterns to make clinical intelligent 

decisions.  My contributions in this thesis to the field of medical imaging will embrace: (1) 

Fully automated approach for segmentation of heart chambers in echocardiography 

images, based on discriminative deep-learning algorithms. (2) Improving segmentation 
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performance by taking advantage of adversarial training. (3)  Fully automated tracking of 

all heart chambers in cardiac cycles using semi-supervised deep learning methods. 

The functionality of our approaches is evaluated using a dataset of 1000 annotated images 

from 100 normal subjects’ echocardiography records. Using several measures of errors, the 

degree of similarity between the manual and automatic segmentation was defined. Our 

promising results corroborate that deep-learning algorithms can be successfully employed 

to solve the challenging problem of automatic echocardiography analysis.  
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INTRODUCTION 

Cardiovascular disease is the most common cause of death globally, the reason for more 

than 17.3 million death per year in 2013, a number that is estimated to be 23.6 million by 

2030.[1] Therefore, it is obvious that urgent preventive steps should be taken; otherwise 

mortality rate by heart diseases is going to increase. One of the effective techniques is using 

imaging for early detection of heart diseases. Among medical imaging modalities, 

ultrasound has become preferred to visualize the heart chambers, because it is the easiest, 

and least invasive and expensive method.  

In order to have accurate diagnosis some quantitative indices, such as left ventricle (LV) 

deformation, Ejection fraction (EF), etc.; have been regularly used. Precise segmentation of 

the heart is crucial for reliable calculation of these clinical indices. Manual analysis of 

cardiac images is a tedious and time-consuming process. More importantly, that is prone to 

inter- and intra-user variability that usually leads to remarkable variability in calculation of 

EF, particularly in patients with borderline cardiac dysfunction. My solution based on 

Artificial Neural Networks (ANNs) and machine learning concepts eliminated inter- and 

intra-observer discrepancies. These methods for automatic cardiac segmentation offered 

considerable improvements in clinical workflow efficiency and reproducibility. 

Artificial neural networks (ANNs) are a family of machine learning models inspired by 

biological neural networks. They are parallel networks of processing elements or nodes. 

Each node in an ANN is capable of performing elementary computations. Learning is 

achieved through the adaptation of weights assigned to the connections between nodes. 

The most widely applied use in medical imaging is as a classifier, in which the weights are 

determined by using training data and the ANN is then used to segment new data. Because 
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of the many interconnections used in a neural network, spatial information can be easily 

incorporated into its classification procedures.[2] 
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Chapter 1 
 
 

Artificial Intelligence in a nutshell 

  



4 
 

Recent advancements in computer science, more powerful computational platforms and 

the extensive availability of data have provided unprecedented opportunities for 

researchers to develop AI tools to better understand and harness complex processes. 

Indeed, AI has been considered one of the most promising tools in multiple aspects of 

medical imaging, from image acquisition and processing to aided reporting, follow-up 

planning, data storage, data mining, among others. 

Taken as a whole, AI is a broad term referring to a field of computer science dedicated to 

the study of intelligent agents that mimics the cognitive functions, such as learning 

Figure 1.1: Schematic of biological and artificial neural 
networks. 
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(gathering information and rules for a specific task), reasoning (using rules to reach 

conclusion) and self-correction. More recently, AI is branching off into a wide variety of 

subfields and techniques. 

Machine learning (ML) is the main ingredient of most of the AI systems. ML enables 

extraction of underlying patterns governing the systems of interest with the help of data 

through mathematical procedures, rather than by explicit programming.[3] 

At the present time, Artificial Neural Networks (ANNs) are among the most famous and 

popular regression and classification class of algorithms in the realm of ML. 

They are inspired by the human brain’s architecture of neurons and synapses (Figure 1.1). 

The popularity of ANNs is mainly due to the flexibility of modeling any complicated 

functional structure, especially non-linear systems. ANNs consist of sets of interconnected 

nodes (neurons) stacked in consecutive layers. Each node simply contains a mathematical 

function that transforms its input –a set of values representing features– to an output and 

Input nodes 

Hidden nodes 

Output nodes 

Connections 

Figure 1.2: Schematic of deep neural network (DNN) 
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sends it to the next layer through a weighted edge. An activation node finally transforms all 

the node responses to single out through a nonlinear function.[4, 5] The activation function 

is the key component of neural networks, which differentiates neural networks from a 

linear classifier. The performance of ANNs improves as the amount of input data and 

complexity of network increases. However, due to intensive computational barriers, 

training very large ANNs was not practical until a decade ago. 

The training process is by adjusting the weights and biases of each node. Modern neural 

networks with millions of parameters are trained via an optimization algorithm such as 

gradient descent.[6] In each iteration, a loss function between predictions, computed from 

a given input (forward propagation), and the target class, is quantitatively evaluated. Then, 

all randomly initialized parameters of the network are updated by small increments in the 

direction that minimizes the loss, a process called back-propagation. 

With considerable growth in computational power, Deep Neural Network (DNN), which is 

basically ANN with large numbers of stacked hidden layers and neurons, has emerged 

(Figure 1.2). Since the state of layers between the first layer (input) and the last layer 

(output) does not correspond to observable data, they are called hidden layers.[7]  

Due to the ability of handling large amount of data with complex network structures, DNNs 

are of paramount significance in the analysis of non-numerical data structures such as 

image processing, speech recognition, and natural language processing.[8] Among various 

DNNs, Convolutional Neural Networks (CNNs), and Recurrent Neural Networks (RNNs) are 

the most popular in image and video processing tasks: 

• Convolutional Neural Networks:  



7 
 

CNNs consist of special type of layers, so called convolutional layers. Each convolution 

operation is in fact a filter function that combines the information of neighboring inputs 

using learnable parameters (kernels). 

This type of operation is particularly advantageous in finding local patterns such as edges, 

shapes, lines or other visual elements in images. The convolutional layer applies multiple 

filters and generates multiple feature maps. In addition to convolution, other types of 

layers such as pooling and fully connected layers are used on CNNs.[4] Pooling layers are 

used to capture an increasingly larger field of view, by reducing feature maps. Propagation 

of only the maximum or average activation, through a layer of max or average pooling, 

leads to lower sensitivity to small shifts or distortions of the target object in extracted 

feature maps (Figure 1.3).  

A Krizhevsky et al.  were among the first to explore much deeper convolutional networks, 

by proposing an 8-layer model, so called AlexNet, which competed and won the ImageNet 

competition in 2012.. The other famous architecture, ResNet,[9] whose ResNet-blocks only 

Output 

Convolution + Pooling Layers Fully Connected Layers 

7 
6 

pooling 

Figure 1.3. Overview of the convolutional networks. 
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learn the residuals that are close to the identity function, was introduced in 2015. Using 

this trick, deeper models can be efficiently trained.  

More recently, scientists have introduced Fully Convolutional Neural Network (FCN),[10] 

which is a normal CNN, except that the fully connected layers are converted to one or more 

convolution layers with a large "receptive field". FCNs aim to capture the rough estimation 

of the locations of elements and overall context in an image. FCNs can efficiently be trained 

end-to-end and pixels-to-pixels for tasks like semantic segmentation. 

Ronneberger et al.[11] proposed the well-known U-net architecture, comprising a ‘regular’ 

FCN followed by an upsampling part where ‘up’-convolutions are used to increase the 

Figure 1.4: Architecture of U-net. Modified from “U-Net: Convolutional Networks for 

Biomedical Image Segmentation” by Ronneberger et al., 2015 
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image size, combined with so called skip-connections to directly connect opposing 

contracting and expanding convolutional layers. (Figure 1.4) 

• Recurrent Neural Networks:   

RNNs allow network architectures with cycling and backward arcs to previous layer. This 

architecture is particularly useful for data with a time dependency between inputs, such as 

time series, and videos commonly used in medical imaging. Similar to CNNs, RNNs have 

deferent architecture depending on the assigned task, such as recursive, fully connected,  

and bidirectional layers (Figure 1.5). [12]  

Generative Adversarial Neural Networks: Aside from discriminative neural networks, 

more recently, attention has been given to Generative Adversarial Networks (GANs). GANs 

are made of a pair of networks, trained simultaneously in competition with each other. One 

neural network, called the generator, generates new data instances, while the other, the 

Input nodes Output nodes 

Recurrent 

Figure1. 5: A general model of a recurrent neural network (RNN). 
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discriminator, evaluates them and decides whether the generated data belongs to the 

actual training dataset or not (Figure 1.6).  

Goodfellow et al.[13] introduced the exceptional ability of the GANs to mimic data 

distributions, which opens the possibility to bridge the gap between learning and synthesis. 

In follow-up work, Alex Radford[14] proposed an extension of GANs to address the 

instability issue of GANs, by converting the fully connected networks to CNNs as Deep 

Convolutional GANs (DC-GANs). Both generator and discriminator are CNNs, and all the 

pooling layers are replaced by strided convolutions. DC-GANs use batch normalization and 

ReLU[15] activation, which makes the training stable in most settings.  

Due to the GANs’ excellent performance in generation of realistic-looking images, a number 

of articles track the recent advancements of GANs.[16-18] The main reasons behind this 

success are the inherent advantage of being an unsupervised training method to obtain 

Figure1.6: Schematic of Generative Adversarial Networks (GANs) framework 
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pieces of information over data,[19] as well as the significant performance in the extraction 

of visual features by discovering the high dimensional underlying distribution of the data. 
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Chapter 2 
 
 
Echocardiogram Segmentation 
 
  



13 
 

Introduction 

Echocardiography has become the preferred imaging modality to study the heart chambers 

for routine screening purposes due to its portability, real-time application, and overall cost. 

However, it suffers from subjective interpretation [20] and inter- and intra-observer 

variability [21-24]. While 3D echocardiography has been instrumental for many cardiac 

applications such as in valvular heart disease, in most places, the imaging laboratory 

workflow still depends on two-dimensional (2D) echocardiography. Nevertheless, 

interpretation of 2D echocardiography has yet remained unsatisfactory, with chambers’ 

volumes commonly calculated by subjectively manual chamber segmentation [25]. The 

clinical need for accurate and automated analysis of echocardiograms is currently unmet 

and goes back to many years ago. Despite remarkable advancement in the quality of 

echocardiograms, inhomogeneity in intensity, edge dropout and low signal-to-noise ratio 

impede utilization of automatic segmentation for accurate, clinically-acceptable chambers’ 

volume calculation [26].  

Previous attempts to automate cardiac segmentation were mainly focused on left ventricle 

(LV) due to the emerging needs for assessment of left heart function. However, recent 

attentions to the significance of other chambers, e.g., right ventricle (RV) and left atrium 

(LA) in progression of the heart disease, and in particular, structural heart problems, 

necessitate approaches for quantification of multiple heart chambers. Motivated by the 

clinical unmet needs concerning accurate and automated analysis of echocardiograms, I 

have employed the latest deep learning algorithms to develop a fully automated four-

chamber segmentation method for 2D echocardiograms. 
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Literature Review 

State-of-the-art methods for automatic segmentation: Active contours, deformable 

models, and supervised learning methods have been the most popular automatic and semi-

automatic techniques commonly used for segmentation of echocardiograms. The first two 

methods suffer from contour shrinkage and leakage problems, particularly in low-quality 

images and small heart chambers [27]. Intensity inhomogeneity, edge dropout and low 

signal to noise ratio have made the automatic segmentation of echocardiograms a 

challenging task [26]. Further, the need for prior knowledge about the reference heart 

chamber shapes made these techniques less attractive for multi-chamber fully automatic 

segmentation. In supervised learning approach, the computer is trained to conduct 

automatic segmentation based on advanced machine learning algorithms by using a 

sufficiently large number of manually-segmented datasets. Thanks to advancement in 

Artificial Intelligence (AI), significant improvements have been made over the past few 

years in image processing, which led to higher quality and faster image segmentation [10]. 

Due to significance of the supervised learning algorithms and the relevance to the present 

work, we will review their recent applications and limitation in more depth:  

Supervised learning in medical imaging: In recent years, learning-based approaches have 

received significant attention to mitigate the tedious conventional methods in medical 

image segmentation, particularly for cardiac imaging [28-31]. In particular, the number of 

learning algorithms for cardiac MRI segmentation has been dramatically increased, due to 

existing publicly-available datasets as grand challenges [32]. For instance, Poudel et al. [33] 

have proposed a recurrent Fully Convolutional Neural network (FCN) to segment LV from 

MRI [34], Avendi et al. introduced a novel hybrid model combining learning algorithms 
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with active contours and deformable models [35] to automatically segment and effectively 

segment and reconstruct LV and RV from cardiac MRI [36, 37], and Mortazi et al. [38] 

employed multi-planar deep convolutional neural networks (CNNs) to segment LA and 

pulmonary veins from MR images, and extended their approach for cardiac substructures 

in MRI and CT [39].  

Methods that use Markov random fields (MRFs) [40, 41], conditional random fields (CRFs) 

[42, 43], and restricted Boltzman machines (RBMs) [44] have been considered for 

applications related to cardiac imaging. However, majority of these learning-based 

approaches come with certain limitations. For instance, methods using random forests [45] 

[46] [47] mainly rely on image intensity and define the segmentation problem as a 

classification task. Alternatively, CRF methods try to model the conditional probability of 

latent variables, instead of the input data. Among the learning-based algorithms, deep 

neural networks are currently the state-of-the-art for many cardiac image analysis tasks 

including segmentation.  

Deep learning in cardiac ultrasound: Contrary to the everyday use of 2D 

echocardiograms, only limited studies have been conducted for their segmentation. The 

work by Georgescu et al. [48] can be considered as a pioneering database-guided 

segmentation method for echocardiograms. They decomposed the segmentation task into 

two learning processes, namely, structure detection and shape inference. Carneiro et al. 

[49] employed CNNs to train rigid and non-rigid classifiers for LV segmentation, and more 

recently, Chen et al. [50] introduced a multi-domain FCN architecture for LV segmentation 

that utilizes different 2D views, each as a unique domain. Given the limited number of 

studies involving echocardiograms and the relatively-poor segmentation results compared 
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to cardiac MRI, an accurate learning-based segmentation technique has the potential to 

transform echocardiographic-based diagnostic imaging by eliminating the inter- and intra-

operator variability. This is a clinical unmet need since the clinical indices calculated by 

different operators are not readily comparable.  

Motivated by the recent success of convolutional networks and adversarial models in 

computer vision, we tackle the segmentation of 2D echocardiograms by employing 

adversarial model consisting FCNs for fully automated segmentation of the heart’s all four 

chambers, a task not previously performed. To the best of our knowledge, we present the 

first application of adversarial training to 2D echocardiograms segmentation. 

Materials and methods 
 
Echocardiograms are inherently inflicted with high speckle noise caused by sound 

scattering effect through randomly distributed sub-resolution scatters. This leads to the 

typical noisy speckle images that may have a locally poor definition of the edges [51]. Here, 

I discuss my methods to overcome the challenges related to segmentation of 2D 

echocardiograms that inherently have low signal-to-noise ratio. Further, we explain our 

efforts on end-to-end segmentation of all four heart chambers using multi-label pixel 

classification. Finally, we compare the performance of a deep FCN versus a shallow 

network with lower complexity, which was trained from scratch. 

Dataset: A dataset of 1395 annotated images from 100 normal subjects from Loma Linda 

University was used. The study population includes 73 women and 27 men, with a mean 

age of 36.45 ± 13.55, who underwent clinically-indicated standard transthoracic 

echocardiography from 2014 to 2015. The study protocol was approved by the Loma Linda 



17 
 

University Medical Center’s institutional review board. All images were chosen for this 

study are apical 4-chamber long axis views (Figure 2.1). 

We partitioned our data by considering the whole images of 70 patients (946 images) as 

the training dataset and the whole images of the remaining 30 patients (449 images) for 

the test. Manual segmentations were performed by a board-certified cardiologist (DM) for 

one in every five frames during the cardiac cycle as well as the end diastolic (ED) and end 

systolic (ES) for each subject. 

 

Figure 2.1: Sample manually annotated image  
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Shallow networks (CNN plus fully connected network): The raw 4-chamber 

echocardiograms, as shown in Figure 1, include all four chambers of the heart. To reduce 

the computational complexity and time, and to improve the procedural accuracy, the 

algorithm’s first step is to locate the LV chamber and compute a ROI around it. The 

convolutional Network architecture for LV localization was inspired by a method 

developed by Avendi et al. [36], as shown in Figure 2.2. 

Filters 𝑭𝒍 ∈ ℝ6×7 , 𝑏0 ∈ ℝ20 were convolved with the input image to obtain the convolved 

feature maps. The convolved features were computed as 𝐶𝑙[𝑖, 𝑗] = 𝑓(Ζ𝑙[𝑖, 𝑗]) where: 

𝑍𝑙[𝑖, 𝑗] = ∑ ∑ 𝐹𝑙[𝑘1, 𝑘2]𝐼[𝑖 + 𝑘1 − 1, 𝑗 + 𝑘2 − 1] + 𝑏0[𝑙]7
𝑘2=1

6
𝑘1=1    (2.1) 

for 1≤ i ≤ 99, 1≤ j ≤132 and 𝑙 = 1, … ,20. This resulted in 20 convolved features  𝑍𝑙𝜖  ℝ99×132. 

Next, the convolved feature maps were sub-sampled using max pooling [52] and the 

maximum over non-overlapping blocks with size 3 × 3 were computed in each feature map 

for 1 ≤ 𝑖1 ≤ 33, 1 ≤ 𝑗1 ≤44 as: 

Ρ𝑙[𝑖1, 𝑗1] = max  { 𝐶𝑙[𝑖, 𝑗]: 𝑖 = (3𝑖1 − 2), (3𝑖1 − 1), 3𝑖1  &   𝑗 = (3𝑗1 − 2), (3𝑗1 − 1), 3𝑗1} (2.2). 

Accordingly, twenty reduced-resolution feature maps Ρ𝑙𝜖 ℝ33×44 for 𝑙 = 1, … ,20 were 

achieved. Next, those feature maps were followed by a similar mechanism including 

convolution and pooling layers such that 50 convolved features 𝑍′𝑙𝜖  ℝ30×40 were pooled to 

lower resolution feature maps as Ρ′𝑙ϵ ℝ15×20 for 𝑙 = 1, … ,50. Finally, the pooled features 

were unrolled as vector p 𝜖 ℝ300 and fully connected to an inner product hidden layer with 

50 outputs, followed by a linear regression layer with 2 outputs specifying the coordinates 

of the center point. Thus, the last two layers computed:  h = 𝑓(W1p + b1), and  Y =

𝑓(W2h + b2), where W1 ϵ ℝ50×300, b1 ϵ ℝ50, W2 ϵ ℝ2×50 and b2 ϵ ℝ2 are trainable matrices. 
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Training the convolution network involves obtaining the optimal values of filters 𝐹𝑙, 𝑙 =

1, … ,20,  𝐹′𝑙 , 𝑙 = 1, … ,50 as well as the other parameters: b0, W1, b1, W2 and b2. Filters were 

randomly initialized using Xavier method [53] and simultaneously constructed during the 

training process. The whole network was then optimized by minimizing the cost function, 𝐽, 

using the backpropagation algorithm: 

𝐽(𝐹, 𝑊, 𝑏) =
1

2
∑ |Y(𝑖) − Y𝑐

(𝑖)
|

2

+
𝜆

2
(‖W1‖2 + ‖W2‖2 + ∑ ‖𝐹𝑙‖220

𝑙=1 + ∑ ‖𝐹𝑙′
′ ‖250

𝑙′=1 )𝑁=2
𝑖=1  (2.3) 

with  𝜆 = 10−4 For further processing in the next steps, the center of the LV chamber was 

subsequently computed and used to crop a ROI of size 156×105 from the original image. To 

find the LV contour, we employed and trained a 4-fully connected layer neural network 

with 2 hidden layers, as shown in Figure 2.3. The sub-image obtained from the previous 

block was sub-sampled and unrolled as vector 𝑥 ∈ ℝ1820 and fed into the input layer. Two 

inner product hidden layers with 300 outputs, followed by a linear regression layer with 

1820 outputs specify the LV mask. Accordingly, the layers compute  𝐡𝟑 = 𝑓(𝐖𝟑𝐩 +

𝐛𝟑),𝐡𝟒 = 𝑓(𝐖𝟒𝐡𝟑 + 𝐛𝟒), and  𝐘𝑳𝑽 = 𝑓(𝐖𝟓𝐡𝟒 + 𝐛𝐫), where 𝐖𝟑 ϵ ℝ300×1820, 

𝐛𝟑 ϵ ℝ300, 𝐖𝟒 ϵ ℝ300×300, 𝐛𝟒 ϵ ℝ300, 𝐖𝟓 ϵ ℝ1820×300 and 𝐛𝟓 ϵ ℝ1820 are trainable matrices. 

Next, a cost function including Euclidean loss and regularization term,  

𝑱𝟐(𝑾, 𝒃) =
1

2𝑁2
∑ |𝐘ROI

(𝑖)
− 𝐘LV

(𝑖)
|

2

+
𝜆

2
(‖𝐖𝟑‖

2
+ ‖𝐖𝟒‖

2
+ ‖𝐖𝟓‖

2
)

𝑁2
𝑖=1  (2.4) 

was minimized using the back-propagation algorithm with respect to the supervised 

criterion to train the network, in which 𝐘LV
(𝑖)

∈ ℝ1820 is the ground truth mask 

corresponding to the 𝑖th image. The labeled data are binary masks created from the manual 

segmentations drawn by the expert and cropped from 4-chamber labels (𝜆 = 10−4). 
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Data preprocessing and augmentation: For localization of the LV, the original image size 

of 600 × 800 was down-sampled to 300 × 400, to reduce processing complexity, and was 

used as the input for training of our first convolutional network (C1). After identifying the 

Figure 2.2: Overview of implemented CNN network.  

𝐘 

𝐡 

Figure 2.3: Overview of implemented network. Fully connected network to generate 

the accurate LV mask of an input image.  
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LV center, original images were cropped to 260 × 175 pixels and down-sampled by a factor 

of 0.2 to reduce the complexity of segmentation phase. In the next step, the images were 

normalized so that the gray-value be in the range of [0.1, 0.9], consistent with our 

network’s sigmoid activation function. To avoid overfitting, in this phase, we artificially 

enlarged the training dataset using the techniques previously discussed. Accordingly, we 

augmented our training dataset by a factor of 5. 

Deep fully convolutional network: We chose FCN-VGG [10] Net on its promising 

results in non-medical image segmentation challenges. VGGNet.,[54] is a CNN model that 

was originally developed by the Visual Geometry Group (VGG) from the University of 

Oxford.  

We used VGG-32 architecture and converted that to FCN-VGG (Figure 2.4) to include 

convolution in the fully connected structure in different stride sizes in the deconvolution 

layers. We chose 32-pixel- and 8-pixel-size strides to perform the tasks. For FCN-8s, the 

model’s final output was a product of upsampling of the third pooling layer, (upsampling of 

the fourth pooling layer) multiply by 2, and (upsampling of the seventh convolutional 

layer) multiply by 4, which showed improved performance for object segmentation [10, 

55].  
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Such a deep neural network requires a considerable amount of data to be effectively 

trained. However, the size of our database was limited. Thus, inspired by the ideas of 

transfer learning and fine-tuning [55, 56], we improved our results given our small dataset 

of echocardiograms. 

In place of random initialization for the network parameters, we used transfer learning as a 

method that uses the weights from pre-trained models and then, fine-tunes the network 

with the new dataset. We also used the weights associated with the FCN-VGG pre-trained 

models to subsequently fine-tune the deep learning algorithm. A softmax classification 

layer was utilized to generate the probability map, and finally, the entire network was 

trained via a mini-batch gradient descent method by minimizing a pixel-wise cross-entropy 

(multinomial logistic) loss function on the 4-chamber echocardiograms dataset as follows:  

�̂�𝑛𝑘 =
𝑒𝑥𝑝(𝑥𝑛𝑘)

[∑ exp(𝑥𝑛𝑘′)𝑘′ ]
,  ∀𝑛 ∑ �̂�𝑛𝑘 = 1𝐾

𝑘=1             (2.5) and 

𝐸𝑠𝑒𝑔 =
−1

𝑁
∑ ∑ 𝑙𝑛𝑘

𝐾
𝑘=1 𝑙𝑜𝑔(�̂�𝑛𝑘)𝑁

𝑛=1 +
𝜆

2
∑ ‖𝑊𝑛‖2𝑁

𝑛=1          (2.6) 

Figure 2.4. Overview of implemented network. Fully convolutional network based on 

VGG-32, net to generate the accurate segmentation map of an input image. 
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where 𝑥𝑛𝑘 ∈ [−∞, +∞] is the predicted score for each 𝑘 = 1,2, … ,5 classes for each node 

𝑛 = 1,2, … , 𝑁, �̂�𝑛𝑘 are softmax output class probabilities, and 𝑙𝑛𝑘 ∈ [0,1] indicates the 

correct class label probability among the five classes, including the heart’s 4-chambers and 

the background. 
𝜆

2
∑ ‖𝑊𝑛‖2𝑁

𝑛=1  is the regularization term, which penalizes large values of the 

weights matrix 𝑊𝑛.  (𝜆 = 10−9) 

We fine-tuned the network for roughly 90 epochs through our training set, which took four 

hours on our DevBox workstation, with an Intel Core i7-5930 CPU 3.50 GHz and NVIDIA 

GeForce GTX GPU 980 Ti 6 GB. Our method was developed using Caffe [57] and Python. 

Data preprocessing and augmentation: The original size of the images was 600 × 800, 

which down-sampled to 300 × 400 and cropped to 256 × 256 pixels, as input for our 

modified FCN architecture. Data augmentation is a vigorous tool to improve invariance and 

robustness properties in training process of the network with limited number of training 

images. Thus, we performed real-time data augmentation, by randomly displacing the 

image’s center point up to 30 pixels, zooming up to ±15%, shear distorting the mean and 

Figure 2.5: Automatic (red) and manual (green) segmentation of all 4 chambers for three 

typical subjects. 
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SD up to ±.15, rotating up to 30 degree, and finally adding Gaussian noise with 0.15 SD. The  

FCN network’s outputs are probability map for each pixel.  

 

  Dice (%) HD (mm) 
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CNN + Fully Connected Net 89.15 ± 4.5 14.1 

Mod- FCN-VGG32s 88.32 ± 4.0 13.4 

Mod- FCN-VGG8s 91.35 ± 3.7 12.12 

R
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t 

V
e
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Mod- FCN-VGG32s 81.69 ± 8.5 15.2 

Mod- FCN-VGG8s 84.96 ± 7.7 17.4 

L
e

ft
 

A
tr
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m

 Mod- FCN-VGG32s 87.14 ± 6.2 10.1 

Mod- FCN-VGG8s 89.72 ± 5.8  9.8 

R
ig

h
t 

A
tr
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m

 

Mod- FCN-VGG32s 88.19 ± 4.5 11.4 

Mod- FCN-VGG8s 91.01 ± 4.4 10.6 

 

Validation: To test the models’ performance, segmented images (from test dataset) were 

compared and measured with the corresponding ground truth (i.e., manually annotations 

by the expert). Haussdorf distance, sensitivity, specificity, and Dice Similarity Coefficient 

(DSC) were used for evaluation of segmented chambers. Furthermore, segmented 

Table 2.1: Evaluation metrics of our methods related to the test dataset including 449 

images from 30 subjects. Mod-FCN-VGG stands for modified FCN VGG for our task. 
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chambers’ area were calculated in cm2, based on automatic and manual segmentation 

results and used for comparison in terms of correlation and Bland–Altman analyses [58]. 

The correlation analysis was performed using the Pearson's test to obtain the slope, 

intercept equation and the R-values. To assess the intra- and inter-observer variability, the 

coefficient of variation (CV), defined as the standard deviation (SD) of the differences 

between the automatic and manual results divided by their mean values, and the 

reproducibility coefficient (RPC), defined as 1.96∗SD, were computed. 

Results 

 The automatic (yellow) and manual (green) segmentations for three typical 4-chamber 

echocardiograms are shown in Figure 2.5. Table 2.1 presents the computed metrics in 

terms of average values and standard variation.  

Figures 2.6 and 2.7 show the correlation graphs and Bland–Altman graphs between the 

automatic and manual areas related to all four chambers. Correlation with the ground truth 

contours of 0.93, 0.88, 0.94 and 0.90 were achieved for LV, RV, LA and RA, respectively. The 

level of agreement between the automatic and ground truth results was represented by the 

interval of the percentage difference between mean ±1.96SD.   

Discussion 

We have developed an FCN-based fully automatic segmentation method for 2D 

echocardiograms’ 4-chamber-view of, and to the best of our knowledge, this is the first 

work in which all four chambers of the heart are simultaneously segmented at once. The 

algorithm’s performance was validated by comparing the automatic segmentation with the 

ground truth annotated by a board-certified clinical expert.  
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Figure 2.6. Correlation graph (left) and Bland-Altman (right) for the area of left 
ventricle (Top) and left atrium (Bottom). 
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Comparison to the state-of-the-art methods: Since there is currently no similar study 

reporting segmentation of all four heart chambers based on echocardiograms, we could 

only compare the performance of our method with the ones reported LV and RV 

segmentations. In that regard, our method could improve Dice metric by 3% compared to 

Figure 2.7. Correlation graph (left) and Bland-Altman (right) for the area of right 
ventricle (Top) and right atrium (Bottom). 
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Chen et al. [50] and Smistad and Østvik [59] who both performed LV segmentation using 

deep learning methods. Computed metrics in Table 3.1, (chapter 3) show that our method 

outperforms the state-of-the-art methods in terms of Dice metric accuracy. 

Carneiro et al. [49] used deep-learning and derivative-based search methods to identify the 

LV borders. They created rigid and non-rigid classifiers where the rigid classifier gives the 

probability of LV presence in the region, and the non-rigid classifier provides information 

on the LV boundary. Nascimento et al. [60] developed a shape tracking method with 

multiple dynamic models to find the LV boundaries in 2D echocardiograms. Their method 

is based on nonlinear filters in a tree structure and requires extensive preprocessing steps 

to decouple rigid and non-rigid classifiers. In another study [61], both methods were 

combined and they achieved 90.7% accuracy for LV segmentation. However, the results of 

all three studies suffer from generalization due to the limited size of their dataset (i.e., 132 

images in total), which led to lack of image variability.  

In 2015, Knackstedt et al. conducted a study to evaluate a segmentation software by 

TomTec GmbH, named AutoLV© [62], which is claimed to work based on machine-learning 

algorithms, although no technical details have been provided. Since the end-systolic and 

end-diastolic volumes were not reported in that study, we could not formally compare our 

results with theirs.  

Nevertheless, the accuracy of our method for RV segmentation was somehow lower 

compared to the other heart chambers, which can be attributed to the relative fuzziness of 

the RV border in our datasets. Accordingly, our average Dice metric for RV was 86.26%, 

which is 1% lower than what Qin et al. [63], reported on their RV-focused 2D 
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echocardiograms. We believe this is due to the type of our datasets that were all acquired 

LV-focused. In LV-focused images, the right side of the heart is not clearly shown [64].  

Other methods applied for segmentation of 2D echocardiograms either require user 

interaction and additional inputs (e.g., initial segmentation for a single frame or manually 

finding the chamber’s center point) or relied on a certain ventricular shape prior [60, 65] to 

proceed the segmentation, setup the necessary parameters, or edit the obtained 

segmentation. We did not compare our results with those as they are not considered fully 

automatic methods for 2D echocardiograms.  

Limitations 

Compared to cardiac MRI, there have been only a few studies on segmentation of 2D 

echocardiograms. Accordingly, there is no certain framework to compare implemented 

methods in terms of accuracy metrics, and the published articles are not consistent in 

reporting their results in terms of standardized metric. This limitation has made it difficult 

for us to compare our results head-to-head with others. Public datasets and challenges for 

2D echocardiograms should mitigate this and encourage others to develop and improve 

their methods for segmentation of 2D echocardiograms. 
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Chapter 3 
 
 
Echocardiogram Segmentation Using 

Adversarial Training 
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Background and significance 
 
Following from last chapter, recent FCNs with skip connections can combine both the low- 

and high-level features, but spatial consistency in the final segmentation map cannot be 

assured. Alternatively, using adversarial training can consider the high order potentials. 

Overall, learning-based medical image analysis has been focused on the discriminative 

algorithms to find boundaries, while generative tasks have been neglected. More recently, 

attention has been given to leveraging the advancements in Generative Adversarial 

Networks (GANs) to improve medical image segmentation for different body organs. A GAN 

is designed to have a segmentor block and a critic network as the discriminator. The 

discriminator can be regarded as a shape regulator, which affects the internal features of 

the segmentor to achieve domain invariance [66]. More recently, Xue et al. proposed a U-

Net GAN-based framework (SegAN) [67] for brain tumor segmentation using 3D MRI 

images. They used a multi-scale loss function to train both generator and discriminator, in 

contrast to the classic GAN with separate losses for generator and discriminator. This 

framework is end-to-end trainable on whole images without the need to use patches or 

multiple resolution inputs. Rezaei et al. [68] also proposed a multi-class approach, using a 

combination of cGAN [69] and MGAN [70] models for the same application. They employed 

Virtual-Batch-Norm and Reference-Batch-Norm to train the generator and discriminator, 

overcoming the well-known mode collapse phenomenon in GANs. Dai et al. [71] used a fully 

connected network with a VGG down-sampling path including fewer feature maps in the 

generator to enhance segmentation consistency and extract contours of the heart and 

left/right lungs in chest X-ray images. To tackle instability drawbacks in training 

procedure, the generator is pre-trained by pixel-wise loss. Lahiri et al. [72] used a DC-GAN-
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based [14] segmentation method that segments Region of Interest (ROI) patches from the 

background. While a similar CNN needs a large training dataset to perform well, their 

proposed structure achieves comparable performance with nine times less training data. 

Materials and methods  

Here, we discuss our methods to overcome the challenges related to segmentation of 2D 

echocardiograms by employing an adversarial model. We used the same dataset as chapter 

2, with 1395 manually annotated echocardiograms from 100 patients in total.  

Adversarial Model: Inspired by promising performance of adversarial training in medical 

image processing tasks and recent studies, Son et al. [73], we have converted our FCN to a 

Generative Adversarial Networks (GANs) setting by adding a fully convolutional 

discriminator. The generator (segmentor) is given an echocardiogram to generate 

probability maps for all four chambers with the same size as the input. Values in the 

probability maps range from 0 to 4 indicating the probability of a pixel being present in 

Figure 3.1: Schematic of implemented Generative Adversarial Networks (GANs) 
framework for echocardiogram segmentation 
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each chamber or in the background. The discriminator takes an echocardiogram and the 

segmentation map to determine whether the segmented image is the ground truth drawn 

by the human expert or output of the generator. The overall framework is shown in Figure 

3.1. 

For the generator, we utilized the VGG FCN where initial convolutional feature maps are 

skip-connected to up-sampled layers from the bottleneck layers. The GAN’s cost function 

was developed as: 

𝐿𝐺𝐴𝑁 = 𝐸𝑥,𝑦~𝑝𝑑𝑎𝑡𝑎(𝑥,𝑦)[log 𝐷(𝑥, 𝑦)] + 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥) [log (1 − 𝐷(𝑥, 𝐺(𝑥)))] (3.1) 

where generator G ∶  x →  y and discriminator  D ∶ {x, y} → [0,1] where 0 and 1 means that 

y is either machine-generated or human annotated, respectively. In the training process, 

the generator should prevent the discriminator from making correct judgment by 

producing outputs that are undetectable from the real data. So, D(x, y) needs to be 

maximized while D(x, G(x)) should be minimized. Since the ultimate goal was to obtain 

realistic outputs from the generator, the objective function was defined as the objective’s 

mini-max. 

We also added the categorical cross entropy loss function for segmentation task 𝐸𝑆𝑒𝑔to 

Eq.3.1 to have additional penalty for the difference between ground truth and generated 

labels. Thus, the final loss function was formulated as: 

𝐺∗  =  𝑎𝑟𝑔 min
𝐺

[  max
𝐷

𝐿  𝐺𝐴𝑁(𝐺, 𝐷)  +  𝛽𝐸𝑆𝑒𝑔(𝐺)] (3.2), 

where 𝛽 is a Lagrange multiplier to balance the two objective functions.   

Validation: To test the models’ performance, segmented images (from test dataset) were 

compared and measured with the corresponding ground-truth (i.e., manually annotations 

by the expert). Haussdorf distance, sensitivity, specificity, and Dice Similarity Coefficient 
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(DSC) as well as the average perpendicular error (AVP) and mean absolute distance (MAD) 

[74] were used for evaluation and validation of the segmented chambers. 

Furthermore, segmented chambers’ area were calculated in cm2, based on automatic and 

manual segmentation results and used for comparison in terms of correlation and Bland–

Altman analyses [58]. The correlation analysis was performed using the Pearson's test to 

obtain the slope, intercept equation and the R-values. To assess the intra- and inter-

observer variability, the coefficient of variation (CV), defined as the standard deviation 

(SD) of the differences between the automatic and manual results divided by their mean 

values, and the reproducibility coefficient (RPC), defined as 1.96∗SD, were computed 

Volumetric analysis: From a clinical perspective, volumetric indices are the ones matter 

the most. Therefore, according to the American Society of Echocardiography (ASE)’s 

guideline for chamber quantification [64], accurate volume measurement should be 

performed using the 3D echocardiography data. However, considering the importance of 

the LV volume and the fact that 2D echocardiograms are still more popular in clinical 

routine, various estimation methods have been used for LV volume calculation based on 2D 

echocardiograms. As our data is 4-chamber long axis view, we used ellipsoid model 

developed by Parisi et al. [75], which calculates LV volume as a function of area (A) and 

apical length (𝑙):  

𝑉 =
8𝐴2

3𝜋𝑙
  (3.3)  

To compute this, apical lengths (𝑙) for end-diastolic and end-systolic frames were 

calculated automatically by connecting the LV apex to the midline of the mitral valve where 

the LV apex was designated as the furthest point to the mitral valve (Figure 3.2). 
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 We also manually 

measured this length 

and found that the 

difference between 

automatically-

calculated and 

manually-measured 

lengths were 

2.0%±1.9. Accordingly, 

the LV volumes were 

calculated fully 

automatically based 

on (9). Needless to 

mention, that this 

method is only 

applicable for 

calculation of LV volume and cannot be extended to other chambers. Thus, for LA, RA and 

RV we only report the chamber area inferred from segmentation of the 2D 

echocardiograms and not the volumes. 

Statistical Analysis 

The volumetric differences for EDV and ESV based on manual and automated contours 

were investigated using two-tailed t-test and resulting p-values are reported in results 

section. 

Figure 3.2: Method for automatic calculation of the LV apical 
length from 4-chamber view. First point is the intersection of 
the bisector obtained from the furthest right and left LV points 
and mitral valve. Second point is the apex, which is the most 
distant point to the first one. 
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Result 

The automatic contour from adversarial training (red), manual segmentations(green) and 

the automatic results from previous chapter in (yellow) for six typical 4-chamber 

echocardiograms are shown in Figure 3.3. Once more computed metrics are reported in 

Table 3.1 And, for the purpose of comparison, we have provided the results obtained from  

the state-of-the-art methods for echocardiograms in Table 3.2. Table 3.3 compares the 

sensitivity and specificity of our method for each heart chamber. 

Figure 3.3: Automatic results from Adversarial network(red), contours from FCN-
VGG*s from chapter 2 in (yellow) and manual segmentation (green) of all 4 chambers 
for six typical subjects. 
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Figure 3.4. Correlation graphs and Bland-Altman plots for LV end-diastolic volume 
(EDV) and LV end-systolic volume (ESV). Correlation for volumes calculated based on 
ground truth contours with the ones calculated based on automatic segmentation was 
0.91 and 0.94 for EDV and ESV, respectively 
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Figure 3.4 shows the correlation graphs and Bland-Altman plots for LV end-diastolic 

volume (EDV) and LV end-systolic volume (ESV). Correlation for volumes calculated based 

on ground truth contours with the ones calculated based on automatic segmentation is 0.91 

and 0.94 for EDV and ESV, respectively. 

Figure 3.5. Correlation graph (left) and Bland-Altman (right) for the area of left 
ventricle (Top) and left atrium (Bottom). 
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Figure 3.6. Correlation graph (left) and Bland-Altman (right) for the area of right 
ventricle (Top) and right atrium (Bottom). 
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  Dice (%) HD (mm) 

L
e

ft
 V

e
n
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le
 CNN + Fully Connected Net 89.15 ± 4.5 14.1 

Mod- FCN-VGG32s 88.32 ± 4.0 13.4 

Mod- FCN-VGG8s 91.35 ± 3.7 12.12 

FCN + Adversarial Training 92.04 ± 3.4 5.81 

FCN + Adversarial Training + Post processing 92.13 ± 3.3 5.19 

R
ig

h
t 

V
e

n
tr

ic
le

 Mod- FCN-VGG32s 81.69 ± 8.5 15.2 

Mod- FCN-VGG8s 84.96 ± 7.7 17.4 

FCN + Adversarial Training 86.25 ± 9.7 7.91 

FCN + Adversarial Training + Post processing 86.26 ± 9.7 7.86 

L
e

ft
 A

tr
iu

m
 Mod- FCN-VGG32s 87.14 ± 6.2 10.1 

Mod- FCN-VGG8s 89.72 ± 5.8  9.8 

FCN + Adversarial Training 89.43 ± 6.7 5.34 

FCN + Adversarial Training + Post processing 89.62 ± 6.6 5.20 

R
ig

h
t 

A
tr

iu
m

 

Mod- FCN-VGG32s 88.19 ± 4.5 11.4 

Mod- FCN-VGG8s 91.01 ± 4.4 10.6 

FCN + Adversarial Training 91.30 ± 4.7 5.10 

FCN + Adversarial Training + Post processing 91.45 ± 4.4  4.86 

Table 3.1 Evaluation metrics of our methods related to the test dataset including 449 
images from 30 subjects. Mod-FCN-VGG stands for modified FCN VGG for our task. Post 
processing step was cleaning the masks and filling the holes. 
 



41 
 

 

  
 

Dice 
(%) 

HD 
(mm) 

AVP 
(mm) 

MAD 
(mm) 

Method Images Subj 

  L
V

 

Marsousi et 
al. [76] 

91.13 
± 4.96 

-- -- -- ACM 50 
NA 

Chen et al. 
[50] 

87.9 -- -- -- Learning 3,118 
NA 

Carneiro et 
al. [61] 

90.7 -- 2.6± 0.5 6.7 ± 0.7 Learning+ 
Dynamic 

Model 

132 
NA 

Belous et al. 
[77] 

90.09 
± 0.03 

16.04 
± 6.38 

-- 28.2 ±11.24 Learning + 
ASM 

NA 
35 

Smistad et al. 
[59] 

87.0 ± 
6 

5.9 ± 
2.9 

-- -- Learning 52 
13 

Lecrec et 
al.[78] 

92.7 5.4 -- 1.6 ±1.45 Learning NA 
50 

FCN + Adv 
Net + Post 
processing 

92.13 
± 3.3 

5.19 ± 
7.6 

1.9 
±0.8 

1.01 ± 0.4 Adversarial 
Training 

449 
30 

R
V

 

Qin et al. [63] 87.30 
± 1.90 

7.02 ± 
1.17 

-- 1.79 ±0.45 matrix 
transform+ 

level set 

1,158 RV 
focused NA 

FCN + Adv 
Net + Post 
processing 

86.26 
± 9.70 

7.86 ± 
14.0 

2.35 ± 
4.1 

1.6 ±0.8 Adversarial 
Training 

449 
30 

L
A

 FCN + Adv 
Net + Post 
processing 

89.62 
± 6.60 

5.20 ± 
11.4 

1.7 ± 
1.4 

1.2 ± 0.6 Adversarial 
Training 

449 
30 

R
A

 FCN + Adv 
Net + Post 
processing 

91.45 
± 4.40  

4.86 
±12.4 

1.5  ± 
0.8 

1.04 ± 0.4 Adversarial 
Training 

449 
30 

Table 3.2 Evaluation metrics of our method for the test dataset as well as comparison of 
the segmentation performance between our results and state-of-the-art techniques. 
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Figures 3.5 and 3.6 show the correlation graphs and Bland–Altman graphs between the 

automatic and manual areas related to all four chambers. Correlation with the ground truth 

contours of 0.96, 0.89, 0.91 and 0.94 were achieved for LV, RV, LA and RA, respectively. The 

level of agreement between the automatic and ground truth results was represented by the 

interval of the percentage difference between mean ±1.96SD.  Figure 3.7 shows the box-

plots for end-systolic and end-diastolic areas for all four chambers.  

 

 Chamber Sensitivity (%) Specificity (%) 

 LV 92.59 99.30 

A
d

v
e

rs
a

ri
a

l 
tr

a
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g

+
 F

C
N

 

RV 86.17 99.41 

LA 90.91 99.64 

RA 92.23 99.63 

 

 

 

Table 3.3 Our method’s sensitivity and specificity measures for each heart chamber 
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Figure 3.7. Box-plot for all four heart chambers’ area. (a) and (b) illustrate areas 
calculated based on the automatic and ground-truth contours for end-systolic and 
end-diastolic frames, respectively. 
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Discussion 

We have developed an FCN-based fully automatic segmentation method for 2D 

echocardiograms’ 4-chamber-view of, and to the best of our knowledge, this is the first 

work that describes The application of adversarial training to improve echocardiogram 

segmentation performance. The algorithm’s performance was validated by comparing the 

automatic segmentation with the ground truth annotated by a board-certified clinical 

expert. 

Effects of GANs in the performance: It has been shown previously that the accuracy of the 

learning-based methods for cardiac segmentation can be improved when complemented by 

other image processing techniques [36, 37]. Instead of complementary image processing 

methods, here, we improved the accuracy of our segmentation in each step by employing 

adversarial training technique to pixel classification. As shown in Table 3.1, the accuracy of 

our metrics improved in each step by applying each technique. Applying adversarial 

training combined with deep-enough FCNs for pixel classification improved our results by 

an additional 1% compared to the use of FCNs alone, and 3% compared to shallow fully-

connected network for LV. Utilizing the similar adversarial training led to 5%, 2% and 3% 

improvement in the average dice metric for RV, LA and RA, respectively. The most recent 

study by Lecrec et al.[78], is the closest to our method. Their results for LV are comparable 

to ours, considering they have used a smaller portion of their dataset (%10 and 50 

subjects) for testing purposes and we have used %30 (30 subjects).  The correlation 

analysis in Figures 3.5 and 3.6 shows a high correlation for the area of all four heart 

chambers. The good correlation between the automatic and manual references exhibits the 
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accuracy and suggests clinical applicability of our framework for automatic evaluation of 

the heart from 2D echocardiograms. 

Limitation 

A limitation of our study was calculation of volumes from 2D segmentation. Contrary to 

cardiac MRI’s stack of images, 2D echocardiograms come with standard 4-chamber and 2-

chamber views that are 2D in nature. The most commonly-used method to find volumes in 

2D echocardiograms is the Modified Simpson’s rule [75] that calculates the LV chamber by 

combining the measurements from 4-chamber and 2-chamber long axis view images. 

However, since 4-chamber and 2-chamber views are acquired independently, many times, 

the LV’s long axis does not match between the two acquisitions, due to the probe angle. 

This discrepancy in measurement of LV long axis can lead to error in calculation of LV 

volume. To mitigate that, in this study, we mainly focused on the LV and other chambers’ 

area in the 4-chamber view, in place of end-systolic and end-diastolic volumes.  

Finally, one of the main difficulties in developing deep learning algorithms for cardiac 

segmentation is the lack of adequate data for training and validation, particularly to 

improve generalization and reduce the overfitting problem. We tackled this challenge by 

real-time data augmentation, thus our network trained with randomly augmented data in 

each epoch. Currently, there are no analytical approach to design hyper-parameters (such 

as number of layers and units, filter size, etc.) in deep learning networks and they are 

mainly obtained empirically, as we performed in our study. 

Conclusion 

In a nutshell, a novel application of deep-learning for fully-automatic segmentation of the 

whole heart from 2D echocardiograms is presented. The method employs deep learning 
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algorithms complemented by adversarial training for automatic pixel classification, and 

was shown to be more accurate and robust compared to the other state-of-the-art methods. 

Excellent agreement and a high correlation with reference contours were obtained. In 

contrast to other automated approaches, our method is based on learning several levels of 

representations, corresponding to a hierarchy of features and does not assume any model 

or assumption about the image or heart chamber. The feasibility and performance of this 

segmentation method is successfully demonstrated through computing validation metrics 

with respect to the gold standard, drawn by a board-certified cardiologist.  
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Chapter 4 
 
 
Echocardiogram Tracking 
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Background and significance 

Echocardiography is a real-time imaging technique that is often used to inspect 

cardiovascular function by providing spatial information over time. A healthy heart 

expand rapidly after each contraction in order to fill rapidly with oxygenated blood from 

the lung veins.[79]  Regional wall motion analysis is one of the key steps in assessing 

cardiac health monitoring.[27] Therefore, there is a clinical need for real-time monitoring 

during invasive procedures and intensive care. In order to have an automated tracking 

for a cardiac cycle, accurate segmentation map for each time frame is needed. However, 

using a simple method to independently segment each time frame leads to unsmooth 

movement of the borders caused by eliminating the temporal information.[80] 

It’s been shown that combining temporal information with shape features, improves the 

accuracy of video segmentation in computer vision literature [81]. 

Our method using the temporal information in echocardiograms in a semi-supervised video 

object segmentation algorithm. We have implemented a Siamese encoder-decoder network 

to segment the target frame from the given reference frame, by exposing both the reference 

frame with annotation and the current frame estimation to a deep network. So that the 

network detects the target object by matching the appearance at the reference frame and 

also tracks the previous mask by referencing the previous target mask in the current frame. 

Related work 

Motion estimation of the structures by finding the spatial correspondence between 

structures on different frames for motion compensation and registration have been 

employed for tracking purposed in many studies.[82] Most of these tracking methods are 

based on transformation models. The main variations of these type of methods are initiated 
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from compromise between computational efficiency and accurate motion description. 

Transformation models are categorized by their spatial coverage (local or global) or their 

degrees of freedom (e.g., rigid, affine, deformable) [83-85]  Each group can be used for a 

specific type of motion and geometry. However, the main downside for these methods is 

their high computational cost, which makes them inapplicable for real-time applications. 

Other disadvantages are topology non-perseverance, and initial condition sensitivity.[86] 

These motion tracking methods have been vastly discussed in the literature.[82, 87-89] 

More recently AI based algorithms have been developed for video object segmentation, Due 

to AI advancements and publicly available high-quality datasets, e.g., the DAVIS 

dataset.[90] There are two main categories for AI-based video object segmentation as: 

unsupervised and the semi-supervised setting. The differences are based on the availability 

of f=ground truth data as supervisory signal at test time. Thus, for the semi-supervised case 

the ground truth segmentation mask of the first frame is assumed to be known, while no 

supervisory signal is available during testing in the unsupervised setting.[91] 

Semi-supervised video object segmentation. Majorities of semi-supervised approaches 

employ fine-tuning during testing in order to achieve better performance, which is 

computationally demanding. Some other methods leverage additional cues such as optical 

flow, and re-identification modules to further improve the accuracy, but fine-tuning is still 

required, so those cues increase the computational needs. Among the semi-supervised 

video object segmentation methods, the approach by Wug Oh[92] is the most related to our 

approach.  

Unsupervised video object segmentation: In this category ground-truth annotation is 

not available for the test dataset. Therefore, the unsupervised setup requires algorithms to 
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automatically discover the salient objects in video. Different methods such as motion 

analysis, trajectory clustering, saliency-based spatio-temporal propagation, and deep 

neural networks have been proposed to identify the foreground objects.  

Method 

Here, I present my method for semi-supervised echocardiogram segmentation. Our 

architecture includes a Siamese encoder-decoder (two-stream) network [91] that 

simultaneously learns from both the reference frame and its ground-truth mask and the 

propagated mask to the current frame. This network is able to generate an object mask 

without time-consuming post-processing. Our network architecture and training scheme 

have been carefully designed to take advantage of both propagation and detection cues. 

Consequently, the network works robustly without any online learning or post-processing, 

leading to efficiency at test time which makes it practical for real-time echocardiogram 

segmentation.  

Dataset: 

For this study, we have used our echocardiogram dataset from Loma Linda Hospital 

including 4-chamber long axis echocardiograms of 100 patients. The average number of 

time frames per subject is 70 frames, which only one fifth of all frames are manually 

annotated.  We partitioned our data by considering the videos of 70 patients as the training 

and validation dataset and the remaining 30 patients for the test.  

In order to be able to train our network, ground-truth segmentation for all time frames for 

training dataset was required. Therefore, we have propagated our ground-truth masks for 

the mid frames using non-rigid transformations. 
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In general, due to expansion and contraction of myocardium, the motion of the heart 

chambers cannot be assumed rigid, so the simple rigid or affine transformations alone are 

not sufficient for cardiac motion prediction. Therefore, we partitioned the heart motion to 

two parts and leveraged from a transformation which consists of a global and a local 

transformation term. The global motion of the heart is modeled by an affine 

transformation, while the local motion is described by a non-rigid free-form deformation 

(FFD)[93] based on B-splines.[94] So, an optimal transformation is able to relate any point 

in the target frame to the reference image, i.e., transformation Τ: (𝑥, 𝑦, 𝑧) ⟼

(𝑥′, 𝑦′, 𝑧′) maps any point in the dynamic image sequence at time into its corresponding 

point in the reference image. 

Τ(𝑥, 𝑦, 𝑧) = ΤGlobal(𝑥′, 𝑦′, 𝑧′) + ΤLocal(𝑥′, 𝑦′, 𝑧′)  (4.1) 

The global motion model describes the overall motion of the heart. The simplest choice is a 

rigid transformation which is parameterized by 6 degrees of freedom, describing the 

rotations and translations of the heart. A more general class of transformations are affine 

transformations, which have six additional degrees of freedom, describing scaling and 

shearing. So here we chose affine transformation to be more inclusive.  

The nature of the local deformation of the heart can vary significantly across different 

anatomies and patients in various age groups. Therefore, the local deformation cannot be 

modeled via parameterized transformations. The alternative is using the FFD models based 

on B-splines, which are powerful tools for modeling deformable objects and has been 

previously used for the tracking and motion analysis in cardiac images.[85] The backbone 

of FFDs is to deform an object by manipulating an underlying mesh of control points. The 
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final deformation controls the object topology and leads to a smooth and continuous 

transformation. 

To find the optimal transformation, a cost function associated with the global 

transformation parameters, as well as the local transformation parameters should be 

optimized. The cost function involves two competing terms, each standing for a specific 

goal. The first term represents the cost associated with the image similarity based on 

entropies, while the second one is associated with the smoothness of the transformation. 

For computational efficiency, the optimization proceeds in several stages. In the first step, 

the global affine transformation parameters are optimized, and since the smoothness term 

of the cost function is zero for any affine transformation, this step is equivalent to 

maximizing the image similarity measure. During the subsequent stage, the non-rigid 

transformation parameters are optimized as a function of the cost function. As optimization 

method, we employed a simple iterative gradient descent technique with a certain step size 

for each step.  

Network Architecture: 

Figure 4.1 depicts our network structure. This model can efficiently handle four inputs and 

produce a sharp mask output. The two encoders have shared parameters, following by a 

global convolution block, and a decoder.  Both encoders and decoder are fully convolutional 

networks. The encoder takes a pair of echocardiograms, each with a mask map, as an input. 

The encoder includes a reference and a target stream, and the filter weights are shared 

between the streams. Inputs to the reference stream include a reference image which is the 

End-Diastole frame, and its ground-truth mask. For the target stream, the current image 

and a guidance mask from the previous frame are provided. We concatenate the image 
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frame and the mask along the channel axis, and then feed it into the encoder. The encoders 

map the two-stream data into the same feature space by sharing the weights and 

parameters. 

 
 

The outputs of the two encoder streams are concatenated and fed into a global convolution 

block. This block is intended to perform feature matching between the reference and the 

target streams.  Global convolution [95] efficiently enlarges the receptive field by 

combining 1×k+k×1 and k×1+1×k convolution layers (k=5 in our implementation). 

Features in the target encoder using skip connections and the output of the global 

convolution block are feed to the decoder as inputs. 

Figure 4.1: Our network architecture, including a two-stream fully 
convolutional encoder with shared parameters, a global convolutional unit and a 
decoder. 
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Our training samples from each echocardiogram consist of 6 consecutive frames which is 

our temporal window size, and then we take the first manually annotated frame as the 

reference frame and predict the following 5 as targets. To reduce error accumulation over 

time,  we feed the softmax (not binarized) output of the previous frame as the guidance 

mask of the current frame which preserve the uncertainty of the prediction. Using this,  we 

have recurrently connected our model through time similar to [96] and in order to which  

enabled us to use back-propagation-through-time (BPTT) for training the recurrently 

connected network.[97] Our recurrently-connected-through-time network is depicted in 

Figure 4.2.  

 

Figure 4.2: Schematic of our recurrently connected network. 
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We use Adam optimizer for all of our experiments with a fixed learning rate 1e-4. The 

training for each chamber takes about 4 hours using a single NVIDIA GeForce GTX GPU 980 

Ti 6 GB. 

For the validation purposes, we chose the end-diastole frame for each echocardiogram in 

our test dataset, as our reference frame and propagate its mask through cardiac cycle. We 

chose end-diastole due to relatively better segmentation accuracy in our segmentation 

framework from 

chapter 3.  

Then, Dice metric and 

Intersection over 

Union (IoU) is 

reported for all 

chambers in both 

cases: all the frames 

of cardiac cycle, one-

fifth of all frames 

which have manually 

annotated 

segmentation. 

We also reported the 

changes of area for LV 

over the cardiac cycle 

for FFD generated 

Figure 4.3: LV area per cardiac cycle. Green line is LV area 
based on FFD transformation and manually annotated 
contours, and dash red line is LV area based on our network 
output. 
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masks and our network generated contours.  

Result 

Once more, for the purpose of comparison, computed metrics are reported in Table 4.1. 

Figures 4.3 show the LV area per cardiac cycle for 2 sample echocardiograms. 

 

  
Dice (%) IoU (%) 

LV 

Jafari et al.[80] 92.7 86.64 

Siamese Network + BPTT (all frames) 92.9 ± 2.1 86.74 

Siamese Network + BPTT (gt) 93.22 ± 4.1 87.30 

RV 

Siamese Network + BPTT (all frames) 87.2 ± 5.7 77.3 

Siamese Network + BPTT (gt) 87.43 ± 7.7 77.67 

LA 

Siamese Network + BPTT (all frames) 88.85 ±  3.1 79.94 

Siamese Network + BPTT  89.91 ± 5.8  81.67 

RA 

Siamese Network + BPTT (all frames) 92.32 ± 2.8 85.74 

Siamese Network + BPTT  92.20 ± 3.4  85.53 

 

 

Conclusion 

Using the presented novel approach for semi-supervised echocardiogram segmentation, we 

proved that our Siamese encoder-decoder network can reach the current state-of-the-art 

performance without online learning and post-processing, making it much faster than 

Table 4.1 Evaluation metrics of our methods related to the test dataset including 30 
subjects. (gt) stands for the average of dice metric over manually annotated frames. 
(BPTT) stands for back-propagation through time. 
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comparable methods. There are several future directions for this problem, while RNNs are 

computationally expensive to be trained due to over-fitting; we still believe that long-term 

memory has the potential to improve the outcomes if we have more video training data.  
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