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Abstract– English 
Manifold learning is increasingly being used to recover the underlying structure of medical 

image data. In this work, manifold learning algorithms are applied to extract the non-linear 

relationship between the frames of one cycle of a beating heart.  

 

The use of these techniques allows the characterization of the images according to their cardiac 

phase and their position which can be useful for computer-aided detection, diagnosis and 

therapy. 

  

 Two ways of using this non-linear embedded information from 2D echocardiography images 

are presented. On the one hand, to increase the temporal resolution of the sequence and 

therefore to allow for a better analysis. On the other hand, to provide for a 3D visualization of 

the heart 

 

Abstract - Català 
 

Les tècniques de manifold learning han suposat una nova forma de descobrir informació i 

estructures de dades dins l’àmbit de la imatge mèdica. Aquest treball presenta una nova forma 

d’usar les tècniques de manifold , extraient informació no – lineal entre frames d’un cicle 

cardíac. 

 

L’ús d’aquestes tècniques ha permès la caracterització de les imatges d’acord amb la fase, així 

com la seva posició dins del cicle cardíac , útil per a la ràpida detecció , diagnòstic i teràpia de 

possible malalties del cor. 

 

Dos maneres d’usar l’ informació no lineal de les ecocardiografies 2D és presentada. Per una 

banda per incrementar la resolució temporal d’una seqüència cardíaca. Per l’altre banda per 

oferir una visualització tridimensional del cor. 

 



 

 
 

Index 

 

Acknowledgements .............................................................................................................................................. I 

Abstract– English ................................................................................................................................................. II 

Abstract - Català .................................................................................................................................................. II 

CHAPTER 1 - Introduction ................................................................................................................................... 1 

1.1 MOTIVATION ........................................................................................................................ 1 

1.2 Objectives ............................................................................................................................. 2 

1.3 Related Work ........................................................................................................................ 3 

CHAPTER 2.MANIFOLD LEARNING AND DIMENSIONALITY REDUCTION ......................................................... 5 

2.1Principal Component Analysis (PCA) .................................................................................... 5 

2.2Kernel Principal Component Analysis (KPCA) ...................................................................... 6 

2.3Local Linear Embedding (LLE) ............................................................................................... 8 

2.4LaplacianEigenmaps ............................................................................................................ 10 

2.5 Examples with synthetic data ............................................................................................ 11 

CHAPTER 3 – Manifold Learning applied to Echocardiography: Detection of phase and position ............. 13 

3.1 Data Description ................................................................................................................. 13 

3.2 Cardiac Phase Detection .................................................................................................... 14 

3.3Increasing the frame rate. .................................................................................................. 17 

3.4Cardiac plane position ........................................................................................................ 20 

3.4.1 A toy example with Synthetic Data ........................................................................... 20 

3.4.2 Application to real datasets ....................................................................................... 24 

3.4.4 Weighted Matrix ......................................................................................................... 26 

3.5 Three Dimension Reconstruction ...................................................................................... 28 

3.6 Further Improvements ....................................................................................................... 29 

CHAPTER 4 .Conclusions ................................................................................................................................... 30 

References ......................................................................................................................................................... 31 



 

 
 

  



 

1 
 

CHAPTER 1 - Introduction 
 

1.1 MOTIVATION 
 

Echocardiography is one of the most common procedures to assess the heart’s function and 

structures. It is a safe and non-invasive way to obtain information of the heart, including its size 

and shape, its pumping capacity, the location and extent of any tissue damage and many other 

possibilities. 

 

2D echocardiography is the mainstay of echo imaging due to its ease of use, portability, and 

affordable cost. An emerging but less used technique is 3D echocardiography, also called 4D 

for the real time component. 3D echo allows a more detailed assessment of heart diseases, 

such as valvular defects and cardiomyopathies since it gives the possibility to move through all 

the heart and the 3D images allow a much better understanding of malformed hearts. It can help 

also in catheter surgery, valvular devices and other interventions. Despite these advantages, 3D 

echo has limitations, it has a poor time resolution and some stress echo protocols must be 

improved. The 3D data quality is not optimal and the data handling needs improvements. 

 

An important issue in echocardiography is to track the fast movements of myocardium and heart 

valves in real time. However, most often, the ultrasound (US) image acquisition systems have a 

low sample rate compared to the heart rate and hence they are unable to obtain a good 

temporal resolution of only one cycle of the heart. 

Another important issue is to compensate for limitations that 2D echocardiography techniques 

have while describing the complex cardiac 3D structure and movement. One way of obtaining 

3D US data and preserving the cost and resolution benefits of 2D US is freehand [23], which 

involves sweeping a conventional 2D US probe over the area of interest while the scanner 

acquires images. A 3D image can then be reconstructed if the relative positions and orientations 

of the individual 2D US images are known, which requires using an external optical or 

electromagnetic device, thereby decreasing flexibility of this imaging method. This is why it 

would be useful to perform 3D motion and deformation estimation by a method that does not 

require sensor motion information, but rather uses information within the images themselves. 
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1.2 Objectives 
The work presented here focuses on these two issues: 

 

 Our first aim is to increase the temporal resolution of a left ventricle echocardiography by 

considering the cyclic movement of the heart. The idea is to extract the relationship 

between frames of consecutives images so that each image frame can be mapped to a 

certain instant within the cardiac cycle. We then achieve an increasing frame rate by 

arranging frames from consecutive cardiac phases of multiple heart beat cycles. 

 

 Our second aim is to obtain a 3D reconstruction of the left ventricle beating from 2D 

images sequences. By extracting both the cardiac phase and the height within the heart 

frames can be arranged to generate a 3D sequence. 

 
 

To reach these purposes, different algorithms of dimensionality reduction will be used. These 

algorithms will allow us to extract the relationship between frames of consecutive images in low-

dimensional space. 

In addition to this first chapter of introduction, the work is structured in three main chapters. In 

the second chapter, a review of some well-known dimensionality reduction methods is given. 

The third chapter focuses on applying these methods to achieve e the two proposed objectives 

of this project. The last chapter resumes the work done as well as discussing future uses and 

advantages that can be extracted from this research. 

 

MINIMS PARAMETRES POSSIBLES ( EL WHY DEL MANIFOLD) 
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1.3 Related Work 
 

There are two groups of related work. First, methods that are related because they deal with the 

objectives we have proposed, namely, increasing the frame rate of echocardiography and 3D 

freehand reconstruction. Second, methods that are related to manifold learning. 

Manifold Learning methods are techniques for reducing data dimension, giving a new 

meaningful representation. Applied into a wide range of fields, Manifold Learning has proved to 

help in the improvement and better understanding in image processing, such as clustering, 

segmentation, classification, data analysis and registration [3,15,17]. 

Related to the increasing of temporal resolution, the main approach consists in applying 

interpolation and compounding techniques [24, 25]. , Other popular approaches are reducing 

the view angle and decreasing the number of lines in a sector [26] or parallel beam forming [6, 

27]. However, these methods require complicated calculations. Our approach is similar to [13], 

where manifold learning technique is used for increasing the frame rate of echocardiography. 

Related to 3D reconstruction from 2D US sweeps, there are many different approaches. Mostly 

they are tracked freehand and mechanical assemblies. A 3D image can be reconstructed if the 

relative positions and orientations of the individual 2D US images are known, which requires 

using an external optical or electromagnetic device [8, 23]. However, 3D US can be 

reconstructed without a position sensor by finding the separations of pairs of frames using 

information in the images themselves. One such approach is to exploit image-based registration 

using speckle decorrelation for the out-of-plane motion [28]. Nonetheless, there are several 

difficulties with this approach that impede its direct application to in vivo freehand data.  In our 

work, we want to study whether the use of manifold learning could be use to relate the position 

of one image to another and thereby could be useful for 3D reconstruction. A somewhat related 

work is [29] where the authors use manifold learning to find point correspondences between a 

given endoscopic view and previous optical biopsy locations. 
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CHAPTER 2.MANIFOLD LEARNING AND DIMENSIONALITY 
REDUCTION 
 

Dimensionality reduction is important in machine learning for simplifying the processing, 

analysis and visualization of large high-dimensional data sets. Manifold learning is a popular 

approach to dimensionality reduction that converts data from a high to lower dimensional 

representation while respecting the intrinsic geometry of the data. The assumption is that the 

data have meaningful low-dimensional structures hidden in their high-dimensional observations, 

and therefore data can be described as a function of only a few underlying parameters, 

 

Dimensionality reduction algorithms are strongly powerful when applied to a datasets of images 

that have a relation between them, simplifying large data sets in compression, classification and 

visualization. Some traditional methods such as Principal Component Analysis (PCA) or 

Multidimensional Scaling (MDS) which are linear techniques often fail in performing the 

reduction in complex data sets. Manifold learning algorithms are able to obtain intrinsic 

parameters to find a representative low – dimensional map. Some examples of such techniques 

are, LLE, ISOMAP or Laplacian Eigenmaps. 

 

In this chapter some of the most known dimensionality reduction methods are explained and 

exemplified with synthetic data. 

 

2.1Principal Component Analysis (PCA) 
 

PCA is based on computing the low dimensional representation of a high dimensional data set 

that best preserves its covariance properties.  

 

Given an input 	푋	 = 	 {푥 ,푥 … 푥 ,푥 }	휖	ℝ , PCA will map the data into an output 푌 =

{푦 ,푦 …푦 ,푦 }	휖	ℝ with dimension d by minimizing the reconstruction error, defined as: 

 

휀 = 	 푥 − (푥 푒 )푒
	

(1) 
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where the{푒 }  are the orthonormal basis of the original space. 

 

We assume that	푋	 = 	 {푥 ,푥 … 푥 ,푥 }  is centered on the origin. To map the input data into the 

new subspace we will need a set of basis vectors, which are given by the first d eigenvectors of 

the covariance matrix	퐷	푥	퐷,  

 

퐶 =
1
퐷

·∑푥 푥 					(2) 

 

assuming that the eigenvectors of the covariance matrix are ordered in order of non-increasing 

eigenvalues. Using the mentioned eigenvectors as basis we will obtain the minimal error 

reconstruction. 

 

PCA is a linear method and may fail if used into sets where the data lies on a low dimensional 

manifold with a highly non-linear structure. 

Linear methods can be powerful, but often miss important non-linear structure in the data. In 

particular for real-world data, non-linear dimensionality reduction techniques may offer an 

advantage, because real-world data is likely to be highly non-linear. 

 

Visual example? 

 

2.2Kernel Principal Component Analysis (KPCA) 
 

Kernel principal component analysis is an algorithm whose main goal is to remove the non-

linearity properties of the input data and map them into a feature space described by a kernel 

function where linear PCA can be applied. 

 

Given a set of data{푋 = {푥 ,푥 … 푥 ,푥 }	푁푥퐷	휖	ℝ  a function 푘 ∶ ℝ ×  ℝ  can be defined, with 

the property that exist a map Φ:	ℝ →Ζ where a feature dot product space can be defined for 

all 푥,푥 ′휖	ℝ  whereΦ(푥) · Φ 푥′ = 	푘(푥, 푥 ′). The kernel function 푘(푥, 푥 ′) can be used as a non-

linear similarity measure. 
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In the feature space PCA will compute the feature vectorsΦ(푥 ) …Φ(푥 )휖	Η , but since Ηwill 

probably have infinite dimensionality it will be unable to explicitly compute the dot productΦ(푥) ·

Φ(푥)′. Kernel PCA is based on the called Kernel-trick which avoids the computation of the dot 

product by supposing that exists a symmetric kernel function in the input space such that for all 

푥, 푥 ′휖	ℝ   , 푘 푥, 푥 ′ = 	Φ(푥) · Φ 푥 ′ . The problem then can be solved by using the kernel 

function	푘(푥,푥 ′).  

 

In the featured space Η the covariance matrix is given by: 

 
 

퐶 =
1
퐷

휙(푥)휙(푥) 					(3) 

 

We assume that the Kernel Function is centered on the origin, for more information [20], 

applying the kernel function into the covariance matrix we will able to find the desired 

eigenvectors: 

퐾 · 푣 = 휆 · 푣 

 

As in the PCA case, we will use as basis vectors the first d eigenvectors, where d is the desired 

number of dimensions. 

 

Therefore KPCA solves a non-linear dimensional reduction problem by mapping the data into a 

linear featured space. 
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2.3 Local Linear Embedding (LLE) 
 

Given a data matrix 		푁푥퐷 , LLE transforms the input data set into a new dataset 	푌	 =

	{푦 ,푦 …푦 ,푦 }		푁푥퐷 with	푑 ≪ 퐷. We assume that the neighborhood around a point will have 

similarities, LLE preserves the local configurations of nearest neighbors so that, nearby points in 

the high dimensional space remain nearby and similarly co-located with respect to one another 

in the low dimensional space. 

 

The algorithm is divided in three steps 

 

 

 
Figure 1.Diagram of the LLE algorithm. Image obtained from [13] 
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The algorithm is divided in three steps (see Figure 1): 

 

1. In the first step, K-nearest neighbor is computed by using the Euclidean distance, 

although other distance measures can be used. Then a directed graph is constructed 

where the edges indicate the relation between neighbors. 

 

2. In the second step, LLE reconstructs each data point from the nearest neighbor. This 

can be formulated by the following expression that minimizes the reconstruction error: 

 

퐸 = |푥 − (푊 · 푥 ) | 					(4) 

 

where푥		 are the actual data points and 푥 the K-nearest points of 푥 . 푊 	are the weights of each 

reconstruction point. To calculate the weights the expression above is minimized taking into 

account two constraints. The first one is that each data point is only reconstructed from its 

neighbors, if 푥  is not in the neighborhood then푊 = 0. The other constrain imposes that the 

rows of the weight matrix must satisfy 		∑푊 = 1 . Then the least squares solution to 	푊 is 

obtained considering the two constraints.  

 

3. The last step is based on mapping the output 푦  by high dimensioninput data푥 . This is 

done by taking the 푑dimensional coordinates of the output data 푦  to minimize the cost 

function: 

Φ(푦) = 	 푦 −	 푊 푦 					(5) 

The outputs 푦 are optimized and their weights are fixed. We can rewrite the cost function into its 

quadratic form: 

휙(푦) = 	 푦 푀푦					(6) 

where M is a symmetric and semi-positive definite matrix that has NxN dimensions 

 

푀 = (퐼 −푊) (퐼 −푊)				(7) 

 

with I being the identity matrix. Finally we need now to solve the eigenvalues problem and take 

the d eigenvectors that will represent the new low dimensional data set. 
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2.4 Laplacian Eigenmaps 
 

Laplacian Eigenmaps are based on preserving proximity relations, mapping nearby inputs into 

nearby outputs. The algorithm is similar to LLE. First we compute the K - nearest neighbors of 

the input data 	푋	 = 	{푥 ,푥 … 푥 ,푥 } , using a distance measure, for example Euclidean 

distance, a symmetric undirected graph is constructed with the nodes representing the input 

patterns and the edges indicating the neighborhood relations. 

 

As second step a positive weight is assigned to every node of the graph. The value of the 

weight can be constant, exponential or the best value that suite the data. 

 

The third step is based in obtaining the basis vectors 휙	by minimizing the following cost 

function: 

퐸 = 푊
휙 −휙

Ψ Ψ
					(8)	 

 

whereΨ is  the weighted matrix Ψ = ∑ 푊  

 

The cost function forces nearby input data to be mapped to nearby outputs, thanks to the 

measure of proximity defined by the weight matrix W. The minimization is subject to constraints 

that the outputs are centered and have unit covariance. 

 

To compute the minimum of the cost function the bottom 푑 + 1 eigenvectors of the matrix퐿 =

퐼 −Ψ 푊Ψ  are selected where L is a symmetric and normalized matrix of the Laplacian 

graph, given byΨ−푊. 
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2.5 Examples with synthetic data 
 
As an illustration, we apply different dimensionality reduction methods to the Swiss roll dataset 

(Figure 2). The unfolding data is shown in Figure 3. The original data is in a 3-dimensional 

space whereas the output data falls into a 2-dimension. It can be seen that for this example the 

best performance is achieved with the Laplacian Eigenmaps. 

 
 

 
Figure 2 – Input pattern n = 1000 sampled from a Swiss roll. 

 

PCA (1) Local Linear Embedding (2) LaplacianEigenmaps(3) 

Figure 3. 2D maninfold embedding of the 3D Swiss roll using different dimensionality reduction 

techniques: PCA (left) LLE with k = 12 (middle) and Laplacian Eigenmaps with k = 12 , 휎 =

0.5	,(right) 
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CHAPTER 3 – Manifold Learning applied to Echocardiography: 
Detection of phase and position 
 

 

The intuition underlying the use of manifold learning for image analysis is that, while each image 

may be considered as a single point in a high-dimensional space, a set of such points for a 

population of images may be represented by a sub manifold of the space that is likely to be non-

linear and of a significantly lower dimension.  

In this case there is some natural ordering of the image data, i.e. a temporal and/or position 

ordering, and a manifold representation can be used to estimate the corresponding 

arrangement of the images in order to perform an increment to the frame rate of a cardiac 

sequence. 

 

 

3.1 Data Description 
 

All dataset in this chapter have been acquired on animal models (pigs), within the cvREMOD 

project1.The pigs were healthy females, of Landrace X Large White breed and weight between 

30 and 35 kg. Within the data acquisition protocol, 2D transesophageal echocardiographies 

were acquired. The 2D US images were obtained from multiple levels of the heart and over 

multiple heart cycles, together with the pig’s ECG (electrical signal of the heart). They were 

acquired by a free-hand ultrasonic probe moving from base to the apex of the left ventricle with, 

as we assume, constant velocity but without recording information about sensor position or 

orientation, obtaining a sweep of 2D images covering the whole left ventricle.  

 

Additionally, images of several levels of the heart, both long and short axis, were acquired with 

a still probe, over a small number of heart cycles. All images were acquired at breath-hold, 

controlled by a respiratory device. 

 

As an illustration, Figure 4 shows a selection of four long-axis images of one of the data sets 

acquired with the still probe and corresponding to different phases of the heart. 

                                                             
1 www.cvremod.com 
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Figure 4.Example of 2D US images at different phases of the cardiac cycle. The leftmost image 

shows the mitral valve opened. The middle images show the valves closed and finally the 

rightmost image shows again the opening of the valve. 

 

 

3.2 Cardiac Phase Detection 
 

Echocardiography images, taken from the same subject and using the same imaging geometry 

have one main degree of freedom, which is the phase of the heartbeat (i.e., where within the 

cardiac cycle the image has been acquired).Indeed, different phases lead to variations in the 

shape of the heart (see Figure 4) but not to its position.  

As explained in section 1.4.1, LLE algorithm preserves the local geometric properties of the 

manifold. That is, similar frames in the high-dimensional space retain their neighborhoods in the 

low-dimensional space. This is an important characteristic for our purposes and hence we 

chose LLE as a suitable algorithm for this work. 

LLE was applied to two long-axis echocardiography sequences acquired with still probe. Each 

sequence contained a total of 57 images representing two cycles of the heart and each frame 

had a resolution of 644x455. All the frames were reduced into an area of interest and down 

sampled into a resolution of 64 x 64. A reshape was applied generating a 1x4096 vector for 

each frame. Finally all frames were stored into a matrix of 57x4096. Thus, the original high 

dimensional space was 4096, LLE was applied reducing the original dimension into a two 

dimensional space with K = 12, which was the K value that gave the best visual results. 
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Figure 8 shows the results of the embedding using LLE. Each image is depicted as a point on 

the reconstructed lower dimensional manifold and the relationship between images in this new 

domain is given by their corresponding phase 

 

 
Figure 8.Resulting 2D embedding using LLE. In green, the 28 points that belong to the first 

cycle; in blue, the points corresponding to the second heart cycle. The images showed in Figure 

7 correspond to points 1, 5, 12 and 25 of the first cycle. 

 

The neighborhood relationship of the images is shown at Figure 9. 

 

It can be seen that each point (i.e. an image) has a relation to its temporal closest neighbors 

(consecutive images) and that points that belong to the same instant within the cycle (but that 

are not temporally close because they belong to different cycles) are also neighbors. This 

shows that all the images having similar heart phase are located into the same region in the 

new low-dimensional space. 

 



 

16 
 

 
Figure 9.Neighbourdhood Graph 

 

Ideally the dimension of the new representation should be chosen equal to the intrinsic 

dimensionality of the data, i.e., to the minimum number of parameters needed in order to 

capture all relevant information about the data. As explained before, images are taken from the 

same subject and using the same imaging geometry and therefore have one main degree of 

freedom, which is the phase of the heartbeat. The plot of normalized eigenvalues (Figure 10) 

shows that almost all the information in the cardiac cycle is captured in two dimensions; 

 
Figure 10.Contribution of the eigenvalues. A suitable choice in this case is choosing between 1 

to 3 dimensions. Using more dimensions will not give us more relevant information as the 

contribution will be minimal. 
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3.3 Increasing the frame rate. 
 

In echocardiography, a high temporal resolution is needed to be able to track the fast 

movements of the myocardium and valves. In this section, the images from consecutive cycles 

will be rearranged and interpolated to generate a new sequence of a cardiac cycle with a higher 

frame rate. By using the LLE algorithm, similar frames (i.e., frames having similar phase) will 

remain together in the low-dimensional space and this will allow to map images from different 

cycles to a single cardiac cycle with a higher temporal resolution. 

 

First of all, as mentioned, consecutive points in the manifold are arranged. Figure 11 shows 

eight consecutive frames of the new cycle before being pre-processed. 

 

 

 
 

Figure 11. Eight consecutives frames of the new cycle. Top: From left to right frames number  

29,1,30 and 2. Bottom : From left to right frames number 31,3,32 and 4. 
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Because images were acquired by manual scanning, there was movement of the area of 

interest during acquisition and therefore we need to compensate for this when rearranging the 

frames from different cycles. Two solutions are proposed to solve this issue. 

 

First, a frame-to-frame rigid registration is performed to compensate the translation. Figure 12 

shows an example when applied to two consecutive frames. 

 

 
 

Figure 12. Overlay of two consecutive imagesin green the fixed, in purple the image before 

registration. Right: in green the fixed image, in purple the registered after applying a translation 

to minimize the movement between frames. 

 

Second, in order to make the transition between frames smoother, a linear interpolation 

between consecutives frames will be performed, 

 

These changes allowed having a video sequence of 225 frames instead of a sequence of 57 

frames. Therefore, by using this approach, one can obtain a higher temporal resolution while 

maintaining a good spatial resolution. Figure 13 illustrates the interpolation procedure  
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Figure 13 Scheme showing the distribution and the weight for each new frame. In gray, the 

original rearranged frames using LLE. In red, the interpolated frames, the first interpolated frame 

is computed using a higher weight for the posterior frame than for the previous. The second 

interpolated frame is computed using equal weights for both previous and posterior frames. 

Finally the last interpolated frame is computed using a higher weight for the previous frame than 

for the posterior. 

 

 

  



 

20 
 

3.4 Cardiac plane position 
 
Our second goal is to show that with Manifold Learning techniques it is also possible to extract 

the heart position information and study if this can be used to obtain a 3D reconstruction from a 

dynamic 2D US sweep. Images in one sweep do not contain consistent information but 

represent the anatomy in different cardiac cycle states and different heights within the heart. We 

propose to select all frames within the same point in the cardiac cycle. The basic idea is to 

assign a series of images with the same phase the corresponding height. Similar to section 3.2, 

(Cardiac Phase Detection), it builds upon the assumption that the cardiac cycle forms a 

continuous manifold in image space with points at similar positions on the manifold related 

byphase and position. 

 

3.4.1 A toy example with Synthetic Data 

First, we will test the algorithm with synthetic data. For that purpose, we will generate a 3D 

ellipse and use the 2D axial slices as a coarse approximation of the left ventricles at different 

levels. Figure 14 shows the slices of the ellipse at different levels. 

 

 
Figure 14.Synthetic Ellipse, Levels are ordered from lower to higher z coordinate. 
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As in the previous chapter, manifold embedding will be used to extract the relevant information. 

The resulting embedding using LLE algorithm (k=12) is shown in Figure 15. In all figures below 

the red points are the firsts half levels of the ellipse, the green point represents the middle level 

and the blue points the upper levels. 

 

 
Figure 15.Embedding using LLE 

 

It can be seen that in this case, the LLE algorithm does not find a good representation of the 

original data. In this particular case the covariance matrix becomes singular or nearly singular 

due a problem of convergence, for further explanation [11]. To solve this, a modified version of 

LLE can be used. In this study however we will be using Laplacian Eigenmaps, the resulting 

manifold can be observed in the figure below: 
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Figure 16. Result of applying LaplacianEigenmaps 

The different labels of the ellipse can be perfectly differentiated, from the bottom levels, 

(represented in red), passing through the middle level (number 10 in green color), and finally the 

higher levels (represented in blue), represented with blue. Due to the symmetry, the higher 

levels share the same height position than the lower ones. However this can be changed by 

weighting the distance matrix so that closer labels are given more importance than further ones. 

The result of this weighting can be observed in the following figure. 

 
Figure 17. Result of applying Laplacian Eigenmaps using the weighted distance matrix. 
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3.4.2 Application to real datasets 

 

In this section, the process for obtaining the phase and position information from 2D US images 

obtained from multiple levels of the heart and over multiple heart cycles is explained. The 

purpose is to study if a 3D reconstruction of the beating left ventricle can be performed from 

these 2D images sequences. The phase and the height will be extracted from the heart frames 

and then rearranged to generate a 3D sequence. 

 

The data sets used in this are the ones obtained by the free-hand ultrasonic probe moving from 

base to the apex of the left ventricle (see Section 3.1). 

 

Figure 18 shows an extract of the data set used for the study. 

 

 
Figure 18.Sample of the data set used for identifying the position. Each row belongs to a cycle, 

the first to the 17th cycle, the second to the 18th and the last one to the 19th. Each row contains 

the first 8 images out of 40 that contains every cycle. 

 

  



 

25 
 

Each sweep contains a total of 1000 images, formed by 25 cycles of the heart, each one with 40 

images. To reach our purpose the data has been divided according to its phase. 

 

 
Figure 20.Diagram of how the data was configured in order to obtain the best results. 

 

In the previous chapter we have shown that Local Linear Embedding is a powerful algorithm 

that can help us to obtain information from the phase of the heart. Now we will take in 

consideration every stack of 25 images, each image in the same stack belong the same phase 

within the cardiac cycle. Each stack is reshaped into a new string, LLE it is now applied to this 

new data set. The result is shown in the figure below: 

 

 
Figure 21.Each label belongs to group of 25 images, a cycle representation can be observed. 
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By reorganizing the information into a different way we have proved that is possible to obtain the 

phase of every set of images. 

 

Although the phase can be obtained via LLE, the position of each image is not reached with the 

same method; instead Laplacian Eigenmaps will be the optimal choice to perform this task. 

Using the data set described in figure 20 and applying Laplacian Eigenmaps to each row we are 

able to obtain a first approach of our objective. In the next figure the results can be observed: 

 
Figure 22.Result of Laplacian Eigenmaps with k = 16 and σ = 0.5 

 

3.4.4 Weighted Matrix 

As explained in Section 3.1 images were acquired by a free-hand ultrasonic probe moving from 

base to the apex of the left ventricle obtaining a sweep of a 2D images covering the whole left 

ventricle . We can use this knowledge to weight the distance matrix. Taking in count all this 

considerations the weighted matrix will be build in the following form. 
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For each cycle, the closest cycles will have a low weight, while the farthest one will have large 

weight values, this will enforce a good distribution of the lowers and higher levels. 

 

 
 

Figure 23.Weight matrix 

 

With the proposed weighted matrix we obtain a new distance matrix that will be used to 

compute the embedding results.  

 

The figure below shows the results obtained using the weighted distance matrix.  

 

 
Figure 24.Result of Laplacian Eigenmaps with the weighted matrix, k = 16 휎 =0.5 

 

Manifold techniques have helped to obtain relevant data from the position and phase of the 

heart.  Taking into count this information we propose a simplified 3D reconstruction from all the 

layers of the heart. 
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3.5 Three Dimension Reconstruction 
 

Once all images are identified and reordered according to its phase and position, a volume 

matrix is created; it will contain every slice of the heart, ordered following the results from the 

manifold output. The reconstruction will be performed in the Left Ventricle; the procedure to 

obtain the desired result is divided in the following steps: 

 

1. For each frame, the region of interest (the left ventricle) is extracted manually. For each 

frame the manifold is applied and the contrast between the background and the ventricle 

is increased. 

2. The new data is ordered with the information obtained from the manifold result. 

3. Registration of the images is performed to compensate for axial movements of the probe 

during acquisition. 

4. Frames with bad image quality are removed. 

 

The following figure is the final result of all steps: 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 25. 3D reconstruction from the first row of 25 images. The images from top shows the 

position of the images inside the ventricle 
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3.6 Further Improvements 
 

In the research performed, there is a lot of place for improvements. With respect to the first 

objective, a better interpolation could be applied in order to improve the quality of the image 

while preserving the fast movements. Also, different image processing techniques could have 

been used to reduce the difference of noise between images from different cycles. Testing the 

presented method with more datasets will give a better vision of how to improve the proposed 

approach and how to apply the results into the day a day analysis of heart diseases. 

 

With respect the second objective, a deeper analysis should be done to study how to 

compensate for the different artifacts of the images and how a better reconstruction can be 

achieved. 
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CHAPTER 4 .Conclusions 
 
Echocardiography images have differences in frames due to a number of causes such as 

heart’s and imaging geometry, and hence images have a low dimensional structure which can 

be extracted by manifold learning algorithms. 

 

Using LLE that exploits the proximity between nearby neighbors we have been able to obtain 

the relation between frames, in other words the phase of the heart, from various cardiac cycles. 

By rearranging the information we have achieved an increase of the frame rate. The benefits of 

this objective are the possibility of viewing fast movements of the valves with a better definition 

and without decreasing the lateral resolution. 

 

Also, using Laplacian Eigenmaps and 2D US images acquired via a moving probe, we have 

shown how to detect the position of a frame within the heart. Together with a weighted matrix it 

has been possible to obtain an accurate position of each image.  With the information obtained 

from the manifold, a coarse 3D reconstruction of the left ventricle has been performed because 

of the movement of the probe, there are some drastic differences in frames in the original 

sequences and therefore manifold trajectories in consecutive heart cycles are not the same, 

making the reconstruction a hard task. 

 

With this project we have explained how manifold learning methods can be really powerful in 

analyzing medical imaging and particularly echocardiography images.  
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