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ABSTRACT 

 
Manifold learning is a class from machine learning that is used to convert data from a high dimension into lower dimension. Nowadays 

manifold learning has been applied to medical image analysis and used to extract the optimal of information on the neighborhood 

structure from a set of image data through the eigenvector these images. The purpose of this study is to determine the optimal position of 

T1 and T2 weighted MR imaging of Abdominal Aortic Aneurysms by generating a set of images using manifold learning methods such 

as principal component analysis, Isomap and Laplacian eigenmap. In this study, we obtained that the image of the PCA, Isomap and 

Laplacian eigenmap generate almost equal position on T1 and T2 weighted image. Then we performed test using Hausdorff distance to 

measure similarity on original image and the image of the PCA, Isomap, laplacian eigenmap. In this study, the image from the laplacian 

eigenmaps have the closest similarity 
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1. INTRODUCTION 

Abdominal Aortic Aneurysm (AAA) is a disease 

caused by dilation of the aortic wall. To detect the aortic 

aneurysms need to use digital examination tools such as 

Magnetic Resonance Imaging (MRI). One of the 

resulting images from MRI is T1 and T2 weighted 

images which usually consist of 1-4 slices of the image. 

T1 and T2 weighted image is often obtained in different 

positions (Figure 1). That was happened because the 

acquisition T1 and T2 weighted image influenced by 

movements and human breath (breath hold or free 

breathing). So, we need a method that can optimize the 

position of T1 and T2 weighted image and then that will 

be easier to perform detection or segmentation of the 

object on the image. In this article, we propose a 

manifold learning approach to determine the optimum 

position of T1 and T2 weighted image in patients with 

Abdominal Aortic Aneurysms. 
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Manifold learning is applied for data reduction and 

data representation
1
 and it’s used to extract optimal 

information on structural representation of images by 

choosing the maximum eigenvector There are two 

methods used to reduce the dimension of a high 

dimension into a low dimension. The first method is 

linear methods such as principal component analysis 

(PCA), Linear Discriminant Analysis (LDA).The second 

method is non-linear methods such as local linear 

embedding (LLE), Laplacian Eigenmap (LEM), Isomaps, 

and Diffusion Map
1,2

. In this study is used three methods 

such as PCA, Isomap and Laplacian Eigenmap. Some 

studyers have used manifold learning approach, for 

example Xu et al applied Isomap or PCA to image data 

in order to extract features, which are then passed to a 

neural network that are regressed against rigid 

translation parameters
3,4

. Fabrice et al also applied PCA 

and LDA to find the location of subcutaneous structures 

for various skin tones
5,6

. Wachinger et al applied 

Laplacian Eigenmap to locate an optimal structural 

mailto:rifki_kosasih@staff.gunadarma.ac.id


 

2 

representation of images. Laplacian eigenmap search for 

similar patches in high-dimensional patch space and 

embed the manifold in a low-dimensional space under 

the preservation of locality
7
.  

 

 
 

Figure 1. Original image T1 (first row) and  

T2 (second row) 

 

2. METHOD 

In this section, the process of using manifold learning 

to be discussed. The image of Abdominal Aortic 

Aneurysm were collected using MRI  including T1 and 

T2 weighted which consist of 3 slices. Each image was 

initially rescaled to compensate the different scaling of 

the intensity values. After that we apply manifold 

learning approach like a PCA, Isomap and Laplacian 

Eigenmap to find optimal position of aortic aneurysm. 

Manifold learning is used to extract information from a 

set of data using the maximum eigenvector. The process 

can be seen in Figure 2. 

2.1 Principal Component Analysis 

Principal components analysis
8
 is one of the 

technique for data reduction. PCA can be expressed as a 

linear combination of vectors basis. Let X is a set image 

data and Y is the a matrix size MxN related with the 

linear transformation P so that: 

 

      (1) 

where:  ,   

  ,               

 

Then, in equation (1), covariance a matrix of  

will be constructed. Covariance matrix is: 
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The row from a matrix P is formed by eigenvectors of C 

corresponding to eigenvalues are ordered. After that a 

transformation a matrix P is created, by choosing K 

eigenvector corresponding to the highest eigenvalues 

with K <M, so that in equation (1) will size KxN. 

Transformation matrix P is called the principle 

component from X. Matrix P in equation (1) is an 

orthonormal matrix, so that based on matrix theorem  

. So the inverse of Principle Component 

Analysis (PCA) is  

 

   (3) 

 

2.2 Isomap 

 

Isomap (Isometric Feature Mapping) is one of the 

methods of non-linear reduction well known and this 

method is used to embed information into the space 

geodesy
9
. Isomap can be applied on image. The 

following are the steps: 

1. A set of images  is given. 

2. Calculate the Euclidean distance between the image 

 and , for i=j=1,2,3…,n 

3. Construct a graph G (V, E) with V is the vertex from 

each image  and ,  E (i, j) is the edge with weight 

Euclidean distance between two images 

4. Calculate geodesic distance based on the shortest 

path between image and  and  on a graph G 

which can be expressed in matrix form . 

5. Finally, apply multidimensional scaling (MDS)
2
 on 

 to construct matrix  with formula: 

 

  (4) 

Where:  is the identity matrix 

 is the vector with every element is 1 

 is the matrix which every element is the square 

of matrix  

Solution from Y is obtained from eigen 

decomposition of matrix                   

         (5) 

With  is the highest eigenvalues from  

corresponding to eigenvectors . After k-

eigenvector is that chosen and matrix X is 

reconstructed. 
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2.3  Laplacian Eigenmap 

Laplacian eigenmap is one of the non-linear 

reduction techniques. laplacian Eigenmap algorithm 

based on spectral graph theory
10

.  Graph laplacian matrix 

is defined as L = D - W, where D is a diagonal matrix 

with elements from  and W is weight 

matrix. laplacian eigenmap can also be applied to 

represent structure of image
7
. The following are the 

steps: 

1.  Let  is set of images 

2. Construct weight matrix W. There are two choices in 

determining matrix W: 

a.  ,  l is one of  k nearest neigbors from  

                  , others 

b.   for neighboring vertex  

         = 0 , others 

3. Matrix W is used to find . Intuitively, if  

and  have a high degree of similarity and 

calculated in a matrix W then  and  should have 

near. So that objective function can be written into a 

mathematical function by minimizing: 

=  (6) 

A solution of these problems is to find Y by using 

eigenvector of L. After getting the matrix Y, k-highest 

eigenvector of Y is chosen and matrix X is reshaped by 

using the eigenvector. Below is a flowchart from the 

method of PCA, Isomap and laplacian Eigenmap 

 

Figure 2. Flowchart from 3 method: PCA, Isomap, 

Laplacian Eigenmap 

 

 

 

 

3. EXPERIMENTAL RESULT 

In this study we use a set of T1 and T2 images which 

consists of three slices (Figure 1). Let   

represents the images. Next apply PCA, Isomap and 

Laplacian Eigenmaps on T1 and T2 weighted images to 

determine the position of the aortic aneurysm. Below are 

the results of T1 and T2 images after using the three 

methods: 

 

 
Figure 3. Image T1 (first row) and Image T2 (second 

row) the results of PCA 

 

 
Figure 4. Image T1 (first row) and Image T2 (second 

row) the results of Isomap 
 

 

Figure 5. Image T1 (first row) and Image T2 (second 

row) the results of Laplacian Eigenmap 

Figure 3 (PCA images) and 5 (Laplacian Images) shows 

that the position of the aortic aneurysm on T1 images 

(slice 1-3) and T2 (slice 1-3) is uniform. And from 

figure 4 (Isomap Images), we can see that the position of 

the aortic aneurysm on  slice 1 is not uniform. 

furthermore in this study we do the test on the set of 

images generated from manifold learning approach, used 

methods haussdorf distance. 
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3.1 Hausdorff Distance 

Haussdorf distance method  is used to measure the 

dissimilarity between two images
11

. suppose that two 

images  and  are 

given,  and  are the values of a pixel in the image. 

The hausdorff distance is defined as 

  (7) 

Where:  and is 

euclidean norm on the points of X and Y. 

The function  is called the directed hausdorff 

distance from X to Y [4]. This method is performed to 

determine how much a pixel distance between the two 

images that mismatched.  below is a table of the method 

Hausdorff distance on the original images (T1-T2), and 

the images of the PCA (T1-T2), Isomap (T1-T2) and 

Laplacian Eigenmap (T1-T2). 

 

Tabel 1. Hausdorff Distance from Original Image (T1-

T2) and Manifold Learning Image (T1-T2) 

images Slice 1 Slice 2 Slice 3 

Original image 

 (T1-T2) 

1042 

pixel 
1071 

pixel 

1016 

pixel 

PCA image  

(T1-T2) 

58 

pixel 

194 

pixel 

220 

pixel 

Isomap Image 

(T1-T2) 

482 

pixel 

410 

pixel 

392 

pixel 

Laplacian 

eigenmap 

image        

(T1-T2) 

0 pixel 0 pixel 0 pixel 

 

On table 1, it can be seen that the image from the 

laplacian has the best degree of similarity because there 

is only approximately 0 pixels mismatch from the 58752 

pixels (204x288). To calculate the level of accuracy we 

use the following formula: 

    (8) 

Where:  T = level of accuracy 

 n = the number of pixels mismatch 

 N= the number of pixels in an image 

 

 

 

 

 

Tabel 2: Tabel level of accuracy from Original Image 

(T1-T2) and Manifold Learning Image (T1-T2) 

 

images Accuracy 

(slice 1) 

Accuracy 

(slice 2) 

Accuracy 

(slice 3) 

Original 

image 

 (T1-T2) 

98.22% 98.18% 98.27% 

PCA image  

(T1-T2) 

99.90% 99.66% 99.62% 

Isomap 

Image (T1-

T2) 

99.17% 99.30% 99.33% 

Laplacian 

eigenmap 

image        

(T1-T2) 

100% 100% 100% 

 

In our experiments, laplacian eigenmap have a very 

good level of accuracy approximately 100%. 

4. CONCLUSION 

To determine the optimal position from T1 and T2 

weighted image of the AAA, we use manifold learning 

approaches such as PCA, Isomap and Laplacian 

eigenmaps. From this study that has been done shows 

that image of PCA, Isomap and Laplacian eigenmaps 

can represent the optimal position of the image, it can be 

seen from the results of the gained uniform image by 

using the three methods. 

After that, we compare the results of those three 

methods with hausdorff distance method. Our 

experiments show that the image of the laplacian 

eigenmaps had very good result.  

In the future study, we will do the automatic 

segmentation of AAA with thrombus from   laplacian 

eigenmaps image to calculate the area of the lumen of 

the aorta 
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