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Abstract 

In this thesis, we would like to present a new way to enhance the “depth map” image which is 

called as the fusion of depth images. The goal of our thesis is to try to enhance the “depth 

images” through a fusion of different classification methods.  

For that, we will use three similar but different methodologies, the Graph-Cut, Super-Pixel 

and Principal Component Analysis algorithms to solve the enhancement and output of our 

result. After that, we will compare the effect of the enhancement of our result with the original 

depth images. This result indicates the effectiveness of our methodology. 

 

Key words: 2 Dimension (2D), 3 Dimension (3D), Markov Random Field, Depth Map, 

Energy Function, Threshold, Graph-Cut, Super-Pixel, Principal Component Analysis (PCA).
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Chapter 1 

Introduction 

Traditionally, 3D scenes are projected as 2D images in computer vision. Then we re-construct 

3D scenes through using some image data, image process and object features. However, if 

there was lack of the depth information, it would be hard to achieve measuring without 

touching the real objects in the scenes. The depth image process uses the 3D information to 

simplify the identification and location problems of 3D objects. This technology could be 

used in medicine science, archeology, carving and untouchable complicate crafts.  

 

Most of the Depth Image Process technologies are based on two or more stereo images 

obtained from different positions. Among the Computer Vision references, Baris Baykant 

Alagoz [15] obtained depth images from some color images by matching regions based on 

stereo images; Giovanni Dainese [18] constructed a face-modeling on the base of depth 

images; Wei Wen [1] used the depth information as the basis to re-construct 3D scenes. 

 

In the thesis, we can capture two or multiple images of a scene to reconstruct the 3D scene. 

The 3D information is simply showing the distances between the positions of the objects and 

a view point. The object distances can be gathered in an image called the “Range image” or 

the “Depth map”. The “Depth map” could be used in medicine, robotics, archeology, etc. And 

the goal is to enhance the “depth images” by a fusion of different classification methods. 

 

Thesis Outlines 

The structure of the thesis is consisted of 6 chapters. 

Chapter 2 presents the related works and basic knowledge; 

Chapter 3 describes the main methodologies; 

Chapter 4 includes the model construction; 

Chapter 5 shows the results of our methodology; 

Chapter 6 gives the conclusion. 

 

 

  



 

Chapter 2 

Related Work 

2.1 Baysian Condition 

People always use much uncertain information to infer some events or make decisions. That 

needs to estimate the probabilities of all the results. Baysian Condition is one branch of that 

method. In this thesis, Baysian Condition is a basis of Markov Random Field which will be 

discussed later. 

 

In the 18th century, Thomas Bayes, a great British scientist, gave a formula for calculating the 

conditional probability to solve the problem [2]:  

 

P(A|B) =
P(B|A) ∗ P(A)

P(B)
 

 

The Baysian Condition includes two main parts, the Prior Distribution and the Posterior 

Distribution. Its main idea can be shown as: We set two events, A and B. Event A is the 

Posterior Distribution and event B is the Prior Distribution. We want to find the situation that 

A is true when B is true. 

 

2.2 Gaussian Graphical Model 

Prior: distribution when assuming a graph with nodes 𝑉 and edges 𝐸 is formulated as 

 

𝑃(𝑓1, 𝑓2,⋯ , 𝑓|𝑉|) ∝ 𝑒
−
1

2
𝛼∙∑ (𝑓𝑖−𝑓𝑗)

2
{𝑖,𝑗}∈𝐸 , 

Eg: A ∝ 𝐵 𝑚𝑒𝑎𝑛𝑠 𝑡ℎ𝑎𝑡 𝐴 = 𝑘𝐵, 𝑘 𝑖𝑠 𝑎 𝑐𝑒𝑟𝑡𝑎𝑖𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡. 

 

where P is the probability of 𝑓1, 𝑓2,⋯ , 𝑓|𝑉|; 𝑓𝑖 (i=1, 2, … , |𝑉|) is the feature value of a node 

from 𝑉; 𝛼 is the parameter affecting the size of the noise. The size of noise decreases when 

the value of 𝑐 reduces. We can see the different size of the noise by changing the value of 𝛼 

as Figure 1: 

 

 

α=0.0001      α=0.0005      α=0.0030 

Figure 1: the Different Effects of Noise with Different 𝛼 

 

Now we add the White Gaussian Noises to make some changes to the Prior function and 



 

make it closer to normal distribution. 

 

White Gaussian Noise: 

 

𝑃(𝑔1, 𝑔2, ⋯ , 𝑔𝑁|𝑓1, 𝑓2,⋯ , 𝑓𝑁) =∏
1

√2𝜋𝜎2
𝑒𝑥𝑝 [−

1

2𝜎2
(𝑓𝑖 − 𝑔𝑖)

2]

𝑖∈𝑉

 

 

where 𝑔𝑖 (i=1, 2, … , N) is the features of the nodes in the degraded image; 𝑁 is the number 

of nodes; 𝜎 is the Standard Deviation; 𝑓𝑖 is the feature value of the node i. 

 

 

Original Image f        Gaussian Noise      Degraded Image 𝑔 

Figure 2: the Process & Effect of adding White Gaussian Noise 

In Figure 2 we can see the effect of adding the White Gaussian Noise to an image. 

 

Posterior: 

 

𝑃(𝑓|𝑔) ∝ 𝑒𝑥𝑝 [−
1

2𝜎2
∑(𝑓𝑖 − 𝑔𝑖)

𝑖

2

−
1

2
𝛼∑(𝑓𝑖 − 𝑓𝑗)

2

𝑖,𝑗

] 

 

“The average of the posterior probability using the Multi-dimensional Gaussian integral 

Formula” is given by Kazuyuki Tanaka [10] as 

 

𝑓 = ∫𝑓 ∗ 𝑃(𝑓|𝑔)𝑑𝑓 = (𝐼 + 𝛼𝜎2𝐶)−1𝑔 

 

where 𝑓 is the better f, and 𝐶 is a constant denoted as 

< 𝑖|𝐶|𝑗 >|𝑉|𝑋|𝑉|= {
4, 𝑖 = 𝑗

−1, 𝑖, 𝑗 ∈ 𝐸
0, otherwise

 

 

The iteration Procedure of the EM algorithm in a Gaussian Graphical Model: 

 

(�̂�, �̂�) = 𝑎𝑟𝑔𝑚𝑎𝑥(𝛼,𝜎)𝑃(𝑔|𝛼, 𝜎) 

⇒ [𝛼(𝑡 + 1), 𝜎(𝑡 + 1)] ← 𝑄(𝛼(𝑡), 𝜎(𝑡), 𝑔) 

𝑔 → 𝐸𝑀iteration → 𝑓 

 



 

2.3 Markov Random Field (MRF) 

The MRF contains two meanings: First, what is Markov’s and what is a random field. 

 

In general, the Markov’s Random Field is the abbreviation of Markov’s nature. It refers to 

random variables. When being arranged according to a chronological sequence, the feature of 

the distribution at the moment 𝑁 + 1 and 𝑁 are irrelevant. We take the weather as an 

example. If we assume that the weather is a Markov, which means that the weather of today is 

only associated when it comes to possibility, but has nothing to do with the weather of 

yesterday or even before. And something else like the spreading rules of infectious diseases 

and rumors are also belong to Markov. 

 

A random field consists of two elements: the site and the phase space. When given a random 

values assigned to each given phrase-space according to a certain distribution in each site, the 

whole thing is called a random field. Here we take the farming as an example. The "site" is 

like each acre of a farmlands; the "phase space" is like each kind of crops. We can grow 

different kinds of crops in different farmland, which is like naming different values for a 

given phase space on different sites in a random field. That is to say, a random field is like 

growing a certain crop in a certain farmland. 

 

Well, it is time to talk about the Markov after understanding the two points above. We take the 

farming as an example again. If the type of any piece of the land is just associated with the 

type of the neighbor one while having nothing to do with any other lands, the collection of all 

the crops in the land is a Markov Random Field. 

 

𝐺 = {𝐺𝑆}𝑠∈𝑆 is a symmetric neighborhood relation and 𝐺𝑠 ⊆ 𝑆 is the set of the neighbors of 

𝑠, such that 

 

∏(𝑋𝑠 = 𝑥𝑠|𝑋𝑟 = 𝑥𝑟, 𝑟 ∈ 𝑆, 𝑟 ≠ 𝑠) 

= ∏(𝑋𝑠 = 𝑥𝑠|𝑋𝑟 = 𝑥𝑟 , 𝑟 ∈ 𝐺𝑠). 

 

∏(𝑎|𝑏) is the conditional probability having a convention, 𝑠 ≠ 𝐺𝑆. The symmetric relation 

𝐺 means that 𝑠 ∈ 𝐺𝑟 ⇔ 𝑟 ∈ 𝐺𝑠. The range of the random vectors 𝑋 is discrete. 

 

The distribution ∏ defines a MRF on 𝑆 with the neighborhood relation 𝐺 only if ∏ is a 

Gibbs distribution with respect to the same graph (𝑆, 𝐺). The later one means that ∏ 

displays as 

 

∏(𝑥) =
1

𝑧
𝑒−𝑈(𝑥) 

 

where 

 

𝑈(𝑥) = ∑ 𝑉𝐶(𝑥)𝑐∈𝐶 . 



 

 

𝐶 is the collection of all groups in (𝑆, 𝐺) (the collections of sites such as the neighbors with 

every two sites), and 𝑉𝐶(𝑥) is a function depending only on {𝑥𝑠}𝑠∈𝑐. 𝑈 means the “energy,” 

and has the intuitive property that the lower energy states are the more likely states under ∏. 

The normalized constant 𝑧 is known as the “partition function”. The Gibbs distribution is 

used in the statistical mechanics as the equilibrium distribution of a system with the energy 

function 𝑈. 

 

2.4 Probability Distribution Function (PDF) 

In the nature world, there are two kinds of phenomena: first is the event with definite results; 

the other one which will be introduced in this section is the event with several results. Even 

keeping in the same situation, the second kind of the events might produce different results. 

Such as throwing coins, nobody could say which side they fall on before throwing. The 

results appear as chances and randomness. 

 

The probability distribution is defined as the probability of a result of an event which happens 

in an experiment. In order to understand better, we need to know all the possible results for 

the experiment and the probabilities of the occurrence of all the possible outcomes, which is 

the probability distribution of the random trials. So we introduce the concept of the random 

variable. For example, the probability of an event is a quotient of position trials divided by the 

number of all trials, like obtaining 1 when rolling a die: 

𝑃(1) =
166

1000
≈
1

6
 

We roll the die 1000 times to get 1 about 166. 

 

For an experiment, there are many possible results and each possible outcome can be 

displayed by a number. These numbers can be used as the range of a variable 𝑥, and the 

results of the experiment can be represented with the 𝑥. 

 

If the values of the variable 𝑥 are countable numbers, and all of these different values can be 

chosen by a certain probability, 𝑥 is called the Discrete Random Variable. 

 

If the values of the variable 𝑥 can be any value in a certain range, the 𝑥 chooses values in 

any interval of the range and its probability is a fixed one, then we say that the 𝑥 is a 

Continuous Random Variable. 

 

As the description above, the random variables could be separated into two classifications: the 

Discrete Random Variables and the Continuous Random Variables. Now let us introduce 

them. 

 

Discrete Random Variables: 

We assume that all values of the discrete random variable 𝑥𝑖 , 𝑖 = 1, 2, . .. and the 

corresponding probability is 𝑝𝑖, 



 

 

𝑃(𝑥 = 𝑥𝑖) = 𝑝𝑖, 𝑖 = 1,2,… 

 

Continuous Random Variables: 

We assume that the range of the continuous random variable 𝑥 is less than real number 𝑎, 

and the probability is  

 

𝐹(𝑎) = 𝑃(𝑥 < 𝑎). 

 

2.5 Cumulative Distribution Function (CDF) 

The Cumulative Distribution Function (CDF) always stands together with the Probability 

Distribution Function (PDF). It is a special kind of Probability Distribution Function. The 

Cumulative Distribution Function is defined as the integration of the Probability Distribution 

Function. 

 

Definition: 

For a continuous function, the sum of the probabilities of all the values 𝐹(𝑥) is less than 𝑎 

(𝑎 is a constant). 

 

𝐹(𝑥) =∑𝑃(𝑋 ≤ 𝑥) < 𝑎 

 

2.6 Eigenvalue and Eigenvector 

2.6.1 Concept 

In image processing problems, each image is a matrix. Making some transforms to an image 

means using some other constants or matrices to calculate the original matrix. These 

transforms could be resizing, rotating, moving and so on. Different eigenvalues and 

eigenvectors could represent these transforms in the mathematical language. 

 

We assume that 𝐴 is an 𝑁 ×  𝑁 matrix. A λ and an N-dimensional, none-zero vector 𝑋 

satisfy each other:  

𝐴𝑋 = 𝜆𝑋 . Then 𝜆  is called the eigenvalue of the matrix 𝐴 and 𝑋  is the eigenvector 

assisting to this 𝜆. Let us show the way to calculate the eigenvalue. 

 

𝐴𝑋 = 𝜆𝑋 

⇓ 

We introduce a unit matrix 𝐸: 

(𝜆𝐸 − 𝐴)𝑋 = 0 

⇓ 

From the function above, we can obtain the characteristic equation: 

|𝜆𝐸 − 𝐴| = 0 

⇓ 



 

Then, this is the characteristic polynomial: 

 

|𝜆𝐸 − 𝐴| = |

𝜆 − 𝑎11 −𝑎12
−𝑎21 𝜆 − 𝑎22

⋯ −𝑎1𝑛
⋯ −𝑎2𝑛

⋮ ⋮
−𝑎𝑛1 −𝑎𝑛2

⋱ ⋮
⋯ 𝜆 − 𝑎𝑛𝑛

| 

 

2.6.2 Properties 

1. The Characters of the Eigenvalue 

If the eigenvalues of the 𝑁 ×  𝑁 matrix 𝐴 are denoted as 𝜆1, 𝜆2,⋯ , 𝜆𝑁, then 

1) The sum of eigenvalues equals to the trace (the sum of the diagonal elements of 𝐴): 

 

𝜆1 + 𝜆2 +⋯+ 𝜆𝑁 = 𝑎11 + 𝑎22 +⋯+ 𝑎𝑁𝑁 

 

2) The product of eigenvalues equals to the determinant of 𝐴: 

 

𝜆1𝜆2⋯𝜆𝑁 = |𝐴| 

 

3) If 𝜆 is the eigenvalue of 𝐴, then 𝜆𝑘 is the eigenvalue of the matrix 𝐴𝑘  (𝑘 ∈ 𝑁). 

 

2. The Characters of Eigenvector 

1) If 𝑋 is the eigenvector assigned to the eigenvalue 𝜆 of 𝐴, then 𝑘𝑋 (𝑘 ≠ 0) is the 

eigenvector assigned to the eigenvalue 𝜆 of 𝐴 too; 

 

2) If both 𝑋1 and 𝑋2 are the eigenvectors assisting to the eigenvalue 𝜆 of 𝐴, then 

𝑋1 + 𝑋2 , (𝑋1 + 𝑋2 ≠ 0), is also the eigenvector assigned to the eigenvalue 𝜆 of 𝐴; 

 

3) We assume that 𝜆1, 𝜆2, ⋯ , 𝜆𝑁  are the eigenvalues of the matrix 𝐴 , and 

𝑋1, 𝑋2, ⋯ , 𝑋𝑁 are the corresponding eigenvectors. If 𝜆1, 𝜆2,⋯ , 𝜆𝑁 do not equal to 

each other, then 𝑋1, 𝑋2, ⋯ , 𝑋𝑁 are linear independent which means that  

𝑋𝑖( 𝑖 = 1,… ,𝑁)  cannot be presented by any other two or more elements in 

𝑋1, 𝑋2, ⋯ , 𝑋𝑁. 

  



 

Chapter 3 

Methodology 

3.1 Graph-Cut 

The Graph-Cut algorithm is a powerful energy minimization tool to solve the Markov 

Random Field problems and a cut on a graph could be seen as a hyper-surface in an N-D 

space corresponding to the graph [8].  The Graph-Cut has been proven to be a useful 

multidimensional optimization tool which can enforce piecewise smoothness while preserving 

relevant sharp discontinuities. We present some basic background information on the 

Graph-Cut and discuss the major theoretical results. That helps for understanding both 

strengths and limitations of this surprisingly versatile combinatorial algorithm. 

 

In this thesis, the Graph-Cut is a classification/segmentation method which finds different 

objects in an image. It can be demonstrated as in Figure 3: 

 

 

 

 

 

 

 

Figure 3: First, cut the pixels by similar feature (2 red dot parts in 1 region); 

These 2 red dot parts are two different objects in the image; 

Next, after iteration, 2 dark-red parts are cut into different regions. 

 

Further, the Graph-Cut algorithm combined with a K-means clustering is used to improve the 

original depth images by retaining graduate changes in it. 

 

3.1.1 Concept 

Let us now introduce the basic concept, functions and variables of the graph-cut algorithm. 

First, we assume a given graph 𝒢 =< 𝑉, ℰ >, in which 𝒱 is the set of nodes and ℰ presents 

the set of edges. The set of nodes could be denoted as: 

 

𝒱 = {𝑠, 𝑡} ∪ 𝒫 

 

In the formula above, 𝑠 is the terminal node, which could be called the source; 𝑡 is the 

terminal node and called as the sink; 𝒫 denotes the set of non-terminal nodes. 

 

For each edge belonging to the set ℰ, there is a non-negative weight/cost assigned, which is 

determined as 𝜔(𝑝, 𝑞). And one point should be taken care of, namely: 

 

𝜔(𝑝, 𝑞) ≠ 𝜔(𝑞, 𝑝). 

  



 

 

Under the situation of introducing the basic knowledge of the Graph-Cut algorithm, we have 

got some ideas about it. In order to go deeper to get closer to the core of the Graph-cut, we 

assume the Energy Function and Min-Cut processes like in Figure 4: 

 

 

Figure 4: Graph 𝒢 with the Source 𝛼, Sink 𝛽, t-links, n-links and Nodes 𝒫 

 

where: 

t-link: the edge connects a non-terminal node in 𝒫 with a terminal node. 

n-link: the edge connects two non-terminal nodes in 𝒫. 

𝒩: the set of all n-links. 

𝐶 = {𝑆, 𝑇}: the total weights of edges (𝑝, 𝑞), 𝑝 ∈ 𝑆 and 𝑞 ∈ 𝑇 

S: a subset cut by the CUT consists with the source s including 𝛼. 

T: a subset cut by the CUT consists with the source t including 𝛽. 

 

3.1.2 Energy Function 

In our thesis, the first important step is to apply the Graph-Cut algorithm to find the right 

edges in the depth maps. Because of that, the energy function is necessary and helps us focus 

on finding the minimum energy function, which is also called min-cost (min-weight or 

min-cut). 

 

A cut can be described as a binary label, 𝑓𝑝 ∈ {0,1}, due to 

 

{
if 𝑝 ∈ 𝑆, then 𝑓𝑝 = 0

if 𝑝 ∈ 𝑇, then 𝑓𝑝 = 1
. 

 

Each 𝑓𝑝 gives a possible image restoration result. The weight/cost also includes weights of 

severed n-links, (𝑝, 𝑞) ∈ 𝒩: 

 



 

|𝐶| ∈ ∑𝐷𝑝(𝑓𝑝)

𝑝∈𝑃

+ ∑ 𝜔(𝑝, 𝑞)
(𝑝,𝑞)∈𝒩,
𝑝∈𝑆,𝑞∈𝑇

 

 

where Dp is a fixed penalty assigning to the node 𝑝 a certain intensity label 𝑓𝑝. 

 

C severs edge (p, q) and to find a cut with the minimum cost could solve the weight. So the 

weight of each 𝐶 defines the energy E(f) of the corresponding label, 𝑓 as 

 

𝐸(𝑓):= |𝐶| = ∑𝐷𝑝(𝑓𝑝)

𝑝∈𝑃

+ 𝜆 ∙ ∑ 𝐼(𝑓𝑝 = 0, 𝑓𝑞 = 1)

(𝑝,𝑞)∈𝒩

 

 

where λ is a positive, smoothing parameter and I(⋅) = {
1, is true
0, else

. I(⋅) is the identity 

function equaling to 1 if “𝑓𝑝 = 0 𝑎𝑛𝑑 𝑓𝑞 = 1” is true and 0 otherwise. 

 

3.1.3 K-means Method 

The K-means algorithm is a very typical clustering algorithm which is based on the distance 

measure. The distance is determined as the evaluation index for similarity which means that 

the similarity degree is higher if the distance between two objects is shorter. In this algorithm, 

the clusters are consisted of several objects which are very close. Therefore, the final target of 

the K-means algorithm is to obtain the clusters which are compact and independent. 

 

Algorithm: The formula could be shown as 

 

𝐽𝑒 =∑∑‖𝑦 −𝑚𝑖‖
2

𝑦∈𝛤𝑖

𝑘

𝑖=1

 

 

where 𝐽𝑒 is the clustering criteria of the sum of the square error. It is the function of the 

sample set 𝑌 and the cluster sets Γ𝑖, i = 1,…,k. It measures the sum of the square error when 

using 𝑘 clustering centers 𝑚1, 𝑚2, … ,𝑚𝑘 to represent the 𝑘 sample subsets. For different 

clusters, the values of the 𝐽𝑒 are different in order to obtain the optimal result with minimum 

of the 𝐽𝑒. 

 

First, we choose 𝑘 objects as the centers of the initial clusters randomly. In each iteration 

process, the K-means algorithm calculates the distances between all objects and the centers of 

all clusters. Then we assign these objects to a closest cluster again. After dealing with all of 

the objects, the iteration is finished and we obtain the new centers of the new clusters. The 

algorithm would be convergent when the value of the label 𝑓 did not change after the 

iteration. 

 

Steps: 

In this section, we will introduce the procedure of the K-means algorithm. 



 

 

(1) The K-means algorithm segments the sample set which is waiting for clustering (data) into 

the 𝑘 initial segmentations. Then it calculates the mean values 𝑚1,𝑚2,⋯ ,𝑚𝑘 and the sum 

of the square error 𝐽𝑒 for each cluster; 

(2) For any object 𝑦 in the sample set, we determine that 𝑦 belongs to the sample set 𝛤𝑖, 

where 𝑁𝑖 is the number of objects in the sample 𝛤𝑖, and the cluster set 𝛤𝑖, 𝑖 = 1,… , 𝑘, if 𝛤𝑖 

is only one cluster; 

(3) If 𝑁𝑖 = 1, go back to step (2); else, go ahead; 

(4) If we have 𝑦1, 𝑦2, … , 𝑦𝑛 objects and 𝑘 clusters in the K-means method then we first 

create the matrix 𝑈0 with 1 and 0 as entries. 1 means that 𝑦𝑗, 𝑗 = 1,… , 𝑛, belongs to cluster 

Γ𝑖; 0 means that yj does not belong to Γ𝑖. 

For example: 𝑈0 =

𝛤1
𝛤2
⋮
𝛤𝑘 [
 
 
 
 
𝑦1 𝑦2
1 0

… 𝑦𝑛
… 1

0 1
⋮ ⋮
0 0

⋮ 0
⋱ ⋮
… 0 ]

 
 
 
 

 , the sum in each column is equal to 1 and the sum 

in each row is less than n. 

(4) Then we calculate 𝑚1,𝑚2, … ,𝑚𝑘 and create new matrix 𝑈1 with new elements.  

(5) We assign 𝜌𝑗 as the threshold value for clustering (threshold will be discussed in Section 

3.2.2), 

𝜌𝑗 =

{
 
 

 
 𝑁𝑗

𝑁𝑗 + 1
‖𝑦 −𝑚𝑗‖

2
, 𝑗 ≠ 𝑖

𝑁𝑖
𝑁𝑖 − 1

‖𝑦 −𝑚𝑖‖
2, 𝑗 = 𝑖

 

(6) For all j, if 𝑘 ≠ 𝑖, and 𝜌𝑘 < 𝜌𝑖, put y from 𝛤𝑖 to 𝛤𝑘; 

(7) The algorithm calculates the values of 𝑚𝑖 , 𝑚𝑘 , (𝑖 𝑎𝑛𝑑 𝑘 = 1,… , 𝑛) again, and change the 

𝐽𝑒 to 𝐽𝑒 = 𝐽𝑒 + 𝜌𝑘 − 𝜌𝑖; 

(8) If the error of the new 𝐽𝑒 and the old 𝐽𝑒 is less than ε ≈ 0 then we stop the method. 

 

 

  



 

3.2 Super-Pixel 

3.2.1 Introduction 

What is super-pixel? As the paper, Super-Pixel Lattices, written by Alastair P. Moore,Simon J. 

D. Prince,Jonathan Warrell, Umar Mohammed, and Graham Jones [16] showed, super-pixel 

is a set of pixels which are adjacent and have the similar features in the regions of an image. 

 

Figure 5 presents a simple example for understanding what super-pixel is: 

 

 

 

 

 

 

 

 

Figure 5: An Image segmented by the Super-pixels 

 

In Figure 4, each color presents a super-pixel and the pixels in one super-pixel have the same 

or similar feature (here the feature is given by the color). 

 

3.2.2 Threshold 

The threshold value in an image is used in the technology of image-segmentation based on 

regions. The basic logic is to set different feature threshold to divide the image into several 

classes. That means, if the feature value of a pixel is greater than the threshold value, the pixel 

belongs to the region A; if the feature value of the pixel is smaller than the threshold value, 

the pixel belongs to the region B which is a neighbor of the region A. 

 

We can set an original image as 𝐼(𝑥, 𝑦) and find the feature values, 𝑇1, 𝑇2, … , 𝑇𝑁, 𝑁 ≥ 1, in 

𝐼(𝑥, 𝑦). The image after segmenting is shown as 

 

𝑔(𝑥, 𝑦) =

{
 
 

 
 

𝐿𝑁 , when 𝐼(𝑥, 𝑦) ≥ 𝑇𝑁
𝐿𝑁−1, when𝑇𝑁−1 ≤ 𝐼(𝑥, 𝑦) ≤ 𝑇𝑁

…
𝐿1, when𝑇1 ≤ 𝐼(𝑥, 𝑦) ≤ 𝑇2
𝑇0, when 𝐼(𝑥, 𝑦) ≤ 𝑇1

. 

 

Generally, the threshold function could be seen as the gray degree, partial feature, or position 

of a certain point in an image. We denote this threshold function as 

 

𝑇(𝑥, 𝑦, 𝑁(𝑥, 𝑦), 𝐼(𝑥, 𝑦)). 

 

where 𝐼(𝑥, 𝑦) is the gray degree of the point (𝑥, 𝑦); 𝑁(𝑥, 𝑦) is the partial feature of the 

point (𝑥, 𝑦). 

 



 

 

3.2.3 Logic of Super-pixel 

Let us look at the image in Figure 6 as an undirected graph, 𝐺(𝑉, 𝐸). 

 

 

 

 

 

 

 

 

 

 

Figure 6: the Basis Structure of an Undirected Graph 𝐺(𝑉, 𝐸) 

 

𝑉: each pixel is a vertex; 

𝐸: the edges of a vertex connecting with the other 8 vertices nearby. 

Each edge has a weight value, 𝜔(𝑒) to represent the difference of features between the two 

vertices, 𝑣𝑖 and 𝑣𝑗, which are connected by it. 

 

We set 𝑆 as 

 

𝑆 = {𝐶1, 𝐶2, … }, 

 

as the kinds of segmentations of 𝑉 first. Then we divide 𝑆 into several 𝐶𝑖 and each 𝐶 is 

corresponding to a sub-graph of 

 

𝐺(𝑉, 𝐸’), 𝐸′ ⊆ 𝐸, 𝐸′ ≠ ∅ 

 

For each 𝐶, its internal difference is defined as the maximum weight value denoted by 

Int(𝐶) of the minimum spanning tree in this region (𝐶𝑆𝑇(𝐶, 𝐸)): 

 

Int(𝐶) = max𝑒∈𝑀𝑆𝑇(𝐶,𝐸)𝜔(𝑒) 

 

For two subsets 𝐶1, 𝐶2 in the same region 𝑉, their difference is the edge with the minimum 

weight Dif(𝐶1, 𝐶2) of connecting these two parts where 

 

Dif(𝐶1, 𝐶2) = min𝑣𝑖∈𝑐1,𝑣𝑗∈𝑐2,(𝑣𝑖,𝑣𝑗)∈𝐸𝜔((𝑣𝑖 , 𝑣𝑗)) 

 

(NOTES: if there is no edge between 𝐶1 and 𝐶2, let Dif(𝐶1, 𝐶2) be ∞.) 

 

We also assign the predicate 𝐷: If the difference of features 

 

 



 

Dif(𝐶1, 𝐶2) > Int(𝐶1) or Int(𝐶2), 

 

then 𝐶1 and 𝐶2 cannot be combined. 

We state that 

 

𝐷(𝐶1, 𝐶2) = {
true, Dif(𝐶1, 𝐶2) > min {Int(𝐶1), Int(𝐶2)}

false, else
 

 

min{Int(𝐶1), Int(𝐶2)} = min (Int(𝐶1) + π(𝐶1), Int(𝐶2) + π(𝐶2)) 

 

where 𝜋(𝐶𝑖) is a boundary function to control the degree between Dif(𝐶1, 𝐶2) and Int(|𝐶|).  

(𝜋(𝐶𝑖) =
𝑘

|𝐶|
, 𝑘: constant, |𝐶|: size of 𝐶). 

 

3.2.4 Segmentation 

Now we introduce a method for segmenting: 

INPUT: 𝐺(𝑉, 𝐸) with 𝑛 vertexes and 𝑚 edges; parameter 𝑞 

OUTPUT: 𝑆 = (𝐶1, 𝐶2, … ), 𝐶𝑖 = (𝑉
′, 𝐸′) 

STEP1. Due to the ascending order of 𝜔(𝑒), range 𝐸 as 𝑃 = (𝑂1, 𝑂2, … ); 

STEP2. Start from 𝑆0. Each 𝑉𝑖 belongs to its own region; 

STEP3. For 𝑞 = 1,… ,𝑚, repeat STEP4; 

STEP4. Get 𝑆𝑞 from 𝑆𝑞−1: 

Set 𝑉𝑖 ∈ 𝐶𝑖
𝑞−1

, 𝑉𝑗 ∈ 𝐶𝑗
𝑞−1

; 

If 𝐶𝑖
𝑞−1

≠ 𝐶𝑗
𝑞−1

 and 𝜔(𝑂𝑞) ≤ 𝑀Int(𝐶𝑖
𝑞−1

, 𝐶𝑗
𝑞−1

), 

then get 𝑆𝑞 from combining 𝐶𝑖
𝑞−1

and 𝐶𝑗
𝑞−1

 in 𝑆𝑞−1 

end 

else 

then 𝑆𝑞 = 𝑆𝑞−1 

end 

STEP5. Return 𝑆 = 𝑆𝑚. 

 

3.3 Principal Component Analysis (PCA) 

3.3.1 Concept 

When using statistics to research a project with multi-variables, too many variables would 

make the project more complicated. In these variables, there exists some information overlap 

in some different variables. So Principal Component Analysis (PCA) could construct new 

variables from the original ones and make them independent. That means to use fewer 

variables than before to reflect more information. 

 

The PCA is an effective method to analyze data in statistics and the purpose is to reduce 



 

dimensions. The project data from an R-dimensional space to an M-dimensional space 

(𝑅 > 𝑀) and maintain the main information in the data for processing. 

 

3.3.2 Steps 

We suppose that there are 𝑁 samples in a sample set, and each of them is an 𝑅-dimensional 

vector. Then, 

(1) We calculate the overall scatter matrix of this sample set to obtain the matrix 𝐶: 

 

𝐶 =
1

𝑁
∑ (𝑥𝑖 − 𝜇)(𝑥𝑖 − 𝜇)

𝑇𝑁−1
𝑖=0 =

1

𝑁
𝑋𝑋𝑇 (1) 

 

where 𝑥𝑖 is the 𝑖𝑡ℎ sample which is an 𝑅-dimensional vector; 𝜇 is the mean vector of the 

training sample set; 𝑁 is the number of the samples; 𝑋 = [𝑥0 − 𝜇, 𝑥1 − 𝜇,⋯ , 𝑥𝑁−1 − 𝜇, ] is 

an 𝑅 × 𝑁 matrix. 

 

(2) The PCA calculates all the eigenvalues, λ1, λ2,⋯ , λ𝑁  and the corresponding 

eigenvectors, 𝑣1, 𝑣2, ⋯ , 𝑣𝑁  of 𝐶 . Here the eigenvalues have been arranged in a 

descending order, λ1 > λ2 > ⋯ > λ𝑁. 

 

(3) The algorithm does the orthogonal normalized process with the eigenvectors, 

 

𝑢𝑖 =
1

√𝜆𝑖
𝑋𝑣𝑖 

 

(4) After sorting these 𝑁 eigenvalues, each image can be projected to a sub-space consisted 

of the orthogonal normalized eigenvectors, 𝑢1, 𝑢2,⋯ , 𝑢𝑁. We can obtain 𝑁 eigenvalues like 

this, although 𝑁 < 𝑅 (the number of the samples is often far less than the number of 

dimensions of samples). However, the number of samples is big generally. Considering the 

purpose of dimensional reduction, the PCA selects the first biggest 𝑘 eigenvectors, which 

satisfy: 

 

∑ 𝜆𝑖
𝑘
𝑖=0

∑ 𝜆𝑖
𝑁−1
𝑖=0

≥ 𝛼 

 

In the formula above the selection of 𝛼 = 0.99 means that the energy of the first 𝑘 

eigenvalues occupies more than 99% of the whole characteristic space. Therefore, 

𝑣1, 𝑣2, ⋯ , 𝑣𝑁 are called the principal component of the sample set which contains the most 

information of the original data set. This is the basic theory of the Principal Component 

Analysis. 

 

Using the PCA to fuse the images means to deal with the source images by the weighted 

average values F given as 

 

𝐹 = ∑ 𝜔𝑖𝑆𝑖
𝑁
𝑖=1  (2) 



 

 

where F is the fused image; 𝑆𝑖 are the images to be fused. For the fusion method, when the 

weighted coefficient, ω𝑖 =
1

𝑁
, it is called the Pixel Average Method; when ω𝑖 = 0 or 1, it is 

called the Pixel Minimum Method. Another way to ensure the weighted coefficient is 

according to the different energy of the regions and PCA belongs to this. 

 

The algorithm procedure is: 

 

We suppose there are 𝑁 images to be fused, and each image is a one-dimensional vector to 

be denoted as 

 

𝑥𝑘 , 𝑘 = 1,2,⋯ ,𝑁. 

 

(1) The PCA constructs the matrix 𝑋 = (𝑥1, 𝑥2, ⋯ , 𝑥𝑁)
𝑇. 

(2) According to formula (1), it calculates the produced matrix 𝐶 of data matrix 𝑋; 

(3) It also calculates the eigenvalues λ𝑖, 𝑖 = 1,… ,𝑁 and their corresponding eigenvectors 𝑣𝑖 

of the matrix 𝐶, and arrange them in a descending order. 

(4) We ensure the weighted coefficient ω𝑖 for fusion 

 

𝜔𝑖 =
𝑣𝑖(𝑖)

‖𝑣1‖
. 

 

(5) According to formula (2), our PCA calculates the finally fused image F. 

  



 

Chapter 4 

Mathematical Model Building 

4.1 Depth Image to Graph-Cut 

In this part, we use the graph-cut algorithm to obtain the objects from the depth images. 

 

First, we transform the depth image to the LAB color space in the steps; get rid of the effect 

of illumination; obtain the LAB image; choose the components 𝑎, 𝑏; and normalize them; 

construct the sample set whose samples are all 2-dimentional as 

 

𝑦𝑖 = [𝑎𝑖     𝑏𝑖] 

 

Next, the K-means algorithm introduced in section 3.1.3 is used to calculate the best number 

of clusters following the number of objects in the image. The Graph-Cut uses the dynamic 

K-means iteration algorithm to get the number of clusters 𝑘. Then it uses the value of 𝑘 to 

segment and obtain the result as below in Section 5. 

 

4.2 Depth Image to Super-Pixel 

Actually, the Super-pixel segmentation is a method that pro-sets some small lattices (25 ∗ 25 

in this case) on the image. Then it takes advantage of the boundary cues of the image to 

deform and move the lattices. Finally, the Super-pixel makes the variance of the gray degree 

value in the lattices be minimal to achieve the image segmentation. 

 

The input of the Super-pixel algorithm is the boundary image waiting for being segmented. 

We use the canny operator to obtain this boundary image and inverse it as the input. So, in 

this algorithm, the min-paths (segmenting boundary lines) are corresponding to the max 

boundary intensity. We use Super-pixel to deal with the doll2.jpg and obtain the boundary 

lines (the Super-pixel lines). Each lattice represents a Super-pixel and each Super-pixel 

denotes a region segmented. 

 

On the base of the obtained boundary paths, we can get the regions after image-segmenting 

and calculate the average gray degree value of each region and assign this value to every pixel 

of these Super-pixels. Then we can obtain the final result as below in Section 5. 

 

4.3 Combination with Graph-Cut and Super-Pixel by PCA 

For using the PCA algorithm to combine the results of the Graph-Cut algorithm and the 

Super-Pixel algorithm to get a better result, we could change the number of parameter k in the 

K-means algorithm of the Graph-Cut from 14 to 50 and reduce the threshold value used by 

canny of Super-Pixel to 0.015. 

 



 

In the introduction of the PCA algorithm described in Chapter 3, we used the eigenvectors to 

calculate the weighted values, but that could not satisfy the request. So we change the formula 

for calculating the weighted values by using eigenvalues, which is presented as: 

 

𝜔𝑖 =
𝜆𝑖

∑𝜆𝑖
. 

 

That solves the problem and considers all the information of the features. 

 

  



 

Chapter 5 

Results 

5.1 Graph-Cut Results 

In this part, two original depth images and their results of the Graph-Cut algorithm is shown 

in Figure 7. 

 

 

 

 

 

 

 

 

Figure 7: Original Depth Image1 (left) & Result of Graph-Cut (right) 

 

5.2 Super-pixel Results 

In this section, two original depth images and their results of the Super-Pixel algorithm is 

shown in Figure 8. 

 

 

 

 

 

 

 

 

Figure 8: The left image is the original depth image; the right one with blue lines is the result of 

Super-Pixel 

 

5.3 PCA Results 

The PCA algorithm is implemented to fuse the results of the Graph-Cut algorithm and the 

Super-Pixel algorithm 

 

In Figure 9, we present the results of combining the results of the Graph-Cut and the 

Super-Pixel by using the PCA algorithm. 

 

 

 

 

 

In this thesis, we introduce an 

enhancement method for “depth 

map” image. 

We also showed the effect of 

enhancement by comparison of 

our result to a ground truth “depth 

map” images. This result indicates 

the effectiveness of our 

methodology. 

 

 

 
 



 

 

 

 

 

 

 

 

 

Figure 9: The left image is the original depth image; the right one is the result of PCA 

 

  

  



 

Chapter 6 

Conclusion 

In this thesis, we introduce an enhancement method for “depth map” image. 

In the original depth images, some projects are not clear. Then we use Graph-Cut algorithm to 

find out these objects. Super-Pixel algorithm is used for improving some un-separated 

original details. Graph-Cut focuses on the objects while Super-Pixel is focusing on the details, 

so we combine both of them by PCA to enhance some depth information. 

 

Image processing is a project needing much time, but using our algorithms may save more 

time on running. 

 

In the future work, other researchers could use our methodology to improve some depth 

images for 3D reconstruction. 
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Chapter 8 

Attachment 

Code of K-means methods 

function [mu,image,dist]=k_means(ima,k) 

%k:number of clusters 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%   Input: 

%          ima: Gray Image 

%          k: number of clusters in the image 

%   Output: 

%          mu: mean value of each cluster 

%          mask: the mask after clusteriing 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

% check image 

%ima=imread('doll2.jpg'); 

%k=14; 

ima=imread('lamp1.jpg'); 

k=20; 

[r,c,nchannel]=size(ima); 

if nchannel>1 

    ima=rgb2gray(ima); 

end 

ima=double(ima); 

copy=ima;          

% copy the image 

ima=ima(:);        

% quantify the image 

mi=min(ima);       

ima=ima-mi+1;      

% measure the situation of the negative value of gray degree 

  

s=length(ima); 

%s: get the number of pixels in the image 

  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%make the histogram 

m=max(ima)+1; 

%plus 1 to the max value 

h=zeros(1,m); 

%histogram with m bins 

hc=zeros(1,m); 

%label matrix, the value of each pixel is the number of the cluster which 



 

%the pixel belongs to 

  

for i=1:s 

%s:the number of pixels 

  if(ima(i)>0)  

      h(ima(i))=h(ima(i))+1; 

  end; 

%bin+1 

end 

ind=find(h); 

%find the No. of the bins not equal to zero in histogram 

hl=length(ind); 

%the No. of the bins not equal to zero 

  

%initialize the clustering cunter 

mu=(1:k)*m/(k+1); 

%k: the number of clusters 

%mu: different segmentation points 

%initialize the error function 

dist=zeros(1,k); 

  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%iteration 

while(true) 

    oldmu=mu; 

  % current cluster   

  

  for i=1:hl 

      c=abs(ind(i)-mu); 

%check which poit on the coordinate system is the nearest from ind(i) 

%there are k mu's 

      cc=find(c==min(c)); 

%cc: find the No. of the point nearest from ind(i), No.1,2,3...k 

      hc(ind(i))=cc(1); 

  end 

  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%   

%calculate the mean position of each cluster 

  for i=1:k,  

      a=find(hc==i); 

      mu(i)=sum(a.*h(a))/sum(h(a)); 

%h: histogram 

  end 

  



 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%   

%calculate the error criterion function Je 

  for i=1:k 

      a=find(hc==i); 

      dist(i)=sum((a-mu(i)).^2);           

  end 

  if(mu==oldmu)  

      break; 

  end; 

end 

  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

% calculate mask 

s=size(copy); 

mask=zeros(s); 

mask1=mask; 

%add a display matrix 

size(mask1) 

%get the size of mask1 

for i=1:s(1), 

    for j=1:s(2), 

        c=abs(copy(i,j)-mu); 

%the absolute value of (copy(i,j)-mu) 

        a=find(c==min(c));   

        mask(i,j)=a(1); 

    end 

end 

mu=mu+mi-1;    

% recover real range 

  

for i=1:k 

    mu1(i)=uint8(mu(i)); 

%converts the elements of the array mu(i) into unsigned 8-bit integers. 

end; 

q=0; 

for i=1:s(1) 

    for j=1:s(2) 

        while q<=k 

            if mask(i,j)==q 

                image(i,j)=mu1(q); 

            end; 

            q=q+1; 

        end; 

        q=0; 



 

    end; 

end; 

% image=label2rgb(image); 

figure,imshow(image,[]); 

imwrite(image,'22.jpg','jpg'); 

%Convert label matrix to RGB image 

 

Code of Graph-Cut 

ImageDir='images/';%directory containing the images 

% addpath('..') ; 

% cmpviapath('..') ; 

addpath gcmex1.3 

addpath images 

  

img = im2double( imresize(imread([ImageDir 'lamp1.jpg']), 0.125) ); 

[ny,nx,nc] = size(img); 

%size: size of array 

%[M1,M2,M3,...,MN] = SIZE(X) for N>1 returns the sizes of the first N  

%dimensions of the array X. 

  

imgc = applycform( img, makecform('srgb2lab') ); 

%B = APPLYCFORM(A, C) converts the color values in A to the color space 

%specified in the color transformation structure, C 

  

d = reshape( imgc(:,:,2:3), ny*nx, 2 ); 

%RESHAPE(X,M,N) returns the M-by-N matrix whose elements 

%are taken columnwise from X. 

  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% 

%these codes below are the codes I changed based on graph-cut codes  

%by Boykov----Segment and save the result. 

d(:,1) = round(255*d(:,1)/max(d(:,1)));    

d(:,2) =round(255*d(:,2)/max(d(:,2))); 

%ROUND(X) rounds the elements of X to the nearest integers. 

  

[c l0 Jk] = k_means( d, 1); 

%use kmeans algorithm to determine the number of iteration. 

%c: mean value of each cluster. 

%Jk: Error function criteria---"dist=zeros(1,k)" in k_means.m 

  

 Je=sum(Jk); 

%Je: clustering criteria of the sum of square error 

for k=2:20  



 

%iterate k from 2 to 50. 

    oldJe=Je; 

%assign the value of Je to oldJe. 

    [c l0 Jk] = k_means( d, k); 

%use k-means algorithm. 

    Je=sum(Jk); 

    rate=(oldJe-Je)/Je; 

%the rate of change between Je and oldJe. 

    if rate<0.01 && rate>0.0 

        break; 

    end 

end 

k0=k;%Number of clusters. 

I=imread([ImageDir 'lamp1.jpg']); 

[c Image Jk]=k_means(I,k0); 

  

% figure(1) ; imagesc(img) ; axis image ;  axis off ; 

  

% GrayImage=rgb2gray(Image); 

figure(1) ; imagesc(Image) ; axis image ;  axis off ; 

  

imwrite(Image,'GCresult.jpg'); 

  

k0 

ny 

nx 

nc 

rate 

 

Code of Super-Pixel 

function grlDemo 

% GRLDEMO versn 0.1 win32 MATLAB 7.5 - stable but very little error 

checking! 

% Code updates and bug fixes can be found at: http://pvl.cs.ucl.ac.uk/ 

% 

% *** This program is distributed in the hope that it will be useful, but 

% *** WITHOUT ANY WARRANTY; without even the implied warranty of 

MERCHANTABILITY 

% *** or FITNESS FOR A PARTICULAR PURPOSE. 

% 

% Function to demostrate use of mex code for generating a greedy regular 

% lattice using new implementation of algorithm presented in: 

% 

% A. P. Moore, S. J. D. Prince, J. Warrell, U. Mohammed and G. Jones, 



 

% "Superpixel Lattices", CVPR 2008. 

% 

% The input for the algorithm is a boundary map - an estimate at each pixel 

% of the occurence of a natural boundary. For instance this can be the 

% binary output of an edge detector or the weighted output 

% of the a boundary classification algorithm eg. BEL or Pb. 

%  

% The boundary cost map (bndCostMap) is just the complement of this so 

that 

% minimum paths occur at places of maximum boundary strenght.  

% 

% The algorithm has 5 inputs. USAGE:  

% 

% [SUPERPIXELS PATHS]= 

GRL(BNDCOSTMAP,NUMH,NUMV,BORDERWIDTH,TORTUOSITY,OVERLAP); 

%  

% BNDCOSTMAP - boundary strength image m x n [0-255] 

% NUMH - number of superpixels in rows of lattice  [2-40] 

% NUMV - number of superpixels in columns of lattice [2-40] 

% BORDERWIDTH - number of pixels used to pad each path [1-3] 

% TORTUOSITY - constant removed from edges perpendicular to path [0-100] 

% OVERLAP - the ammount of overlap between image strips [0-1] 

% 

%  

% Parameters include: 

%  

%       'bndCostMap'    -  An estimate the boudnary at a given pixel  

%                          and should be scaled between 0 and 255.  

%  

%       'numH' & 'numV' -  Together these specify the resolution of  

%                          the lattice. For instance 25x25=625 superpixles. 

%                          There is currently no error checking for sensible 

values!  

% 

%       'borderWidth'   -  This specifies the ammount of padding around the 

%                          chosen path - experiment - but you probably dont 

%                          want to set this much above 1. For instance this 

%                          prevents paths following the same boundary in an 

%                          image, where the boundary estimate is smoothed 

over 

%                          several pixels. 

% 

%       'tortuosity'    -  A constant to be removed perpendicular to the 

orientation 



 

%                          of the path. For instance in a horizontal strip 

a value of 

%                          255 will remove all vertical boundary weights and 

therefore 

%                          produce a very tortuous path. Note that it has not 

been fully 

%                          debugged so values from 0-100 are hoepefully 

sensible for 

%                          generating a superpixelLattice with the correct 

properties. 

% 

%       'overlap'       -  A constant that specifies the overlap between 

strips used in 

%                          the greedy construction of the lattice. Sensible 

values are 

%                          from 0-1 i.e. 0.1 is a ten percent overlap. 

% 

% Returns: 

%       

%       'superpixels'   -  An index image from 1:numH*numV in column major 

%                          order. For instance imshow(superPixels==1) 

%                          displays first superpixel.  

% 

%       'paths'         -  A 1x(numH+numV-2) cell array containing the 

column major linear 

%                          index for each pixel in the paths in the order in 

which they were chosen.  

%       

% Example: 

%    

%       bndMap = imread('42049_BEL.tif'); 

%       bndCostMap = 255-double(bndMap); 

%       [superPixels paths] = grl(bndCostMap,25,25,1,80,0.4); 

  

clear, close all, clc; %#ok<DUALC> 

  

%% read in test image 

%  David Martin, Charless Fowlkes and Jitendra Malik,"Learning to Detect  

%  Natural Image Boundaries Using Local Brightness, Color and Texture 

%  Cues", PAMI,26(5), 530-549, May 2004. 

%  

http://www.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/seg

bench/ 

% 



 

img = imread('cone1.jpg'); 

  

%% read in bndMap BEL image if required 

%   P. Dollr, Z. Tu, and S. Belongie. Supervised learning of edges 

%   and object boundaries. CVPR, 2:1964?971, 2006. 

%   http://vision.ucsd.edu/~pdollar/research/research.html 

% 

bndMap = imread('cone_BEL.jpg'); 

  

%% simple example bndMap using Matlab Image Processing Toolbox 

% find edges 

%bndMap = edge(img,'canny').*255; 

  

% set up cost map - cost is low (min cost path) where bndMap is high 

bndCostMap = 255-double(bndMap); 

  

% set parameters 

numH = 40; 

numV = 40; 

borderWidth = 1; 

tortuosity = 80; 

overlap = 0.4; 

  

% run greedy regular lattice 

fprintf('Greedy Regular Lattice completed:\n'); 

tic; 

[superPixels paths] = 

grl(bndCostMap,numH,numV,borderWidth,tortuosity,overlap); 

toc; 

  

% different vizualizations 

vizOne(img,superPixels,paths); 

vizTwo(bndCostMap,superPixels,paths); 

vizThree(img,superPixels,paths); 

vizFour(img,superPixels,paths); 

  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%% Vizualization One 

% red boundaries over original image 

function vizOne(img,sp,paths) 

     

figure, imshow(img); 

[nRows mCols] = size(img); 



 

hold on 

for i = 1:length(paths) 

    path = paths{i}+1; 

    [y x] = ind2sub([nRows mCols],path); 

    plot(x,y,'Color',[1 0 0],'LineWidth',1); 

end 

title('Red Superpixel Boundaries - Original Image'); 

  

  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%% Vizualization Two 

% display cost map with randomly coloured greedy regular lattice 

function vizTwo(img,sp,paths) 

  

img = (img-min(img(:)))./(max(img(:))-min(img(:))); 

figure,imshow(img); 

[nRows mCols] = size(img); 

cmap = hsv(length(paths)); 

idx = randperm(length(paths)); 

hold on 

for i = 1:length(paths) 

    path = paths{i}+1; 

    [y x] = ind2sub([nRows mCols],path); 

    plot(x,y,'Color',cmap(idx(i),:),'LineWidth',1); 

end 

title('Randomly Coloured Greedy Regular Lattice'); 

  

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%% Vizualization Three 

% 'stain glass' display mean of each superpixel 'jet' colour map with black 

boundaries 

function vizThree(img,sp,paths) 

  

[nRows mCols] = size(img); 

figure,imshow(label2rgb(sp,'jet','w','shuffle'));  

hold on 

for i = 1:length(paths) 

    path = paths{i}+1; 

    [y x] = ind2sub([nRows mCols],path); 

    plot(x,y,'Color',[0 0 0],'LineWidth',1); 

end 

title('Black Superpixel Boundaries - Random Superpixel Colur'); 



 

  

%% Vizualization Four 

% display mean of each superpixel with black boundaries 

function vizFour(img,sp,paths) 

  

[nRows mCols] = size(img); 

spMean = zeros(nRows,mCols); 

  

for i = 1:sp(end)    

    pixList = find(sp==i); 

    meanPix = mean(double(img(pixList))); 

    spMean(pixList) = meanPix; 

end 

  

spMean = (spMean-min(spMean(:)))./(max(spMean(:))-min(spMean(:))); 

figure,imshow(spMean) 

hold on 

for i = 1:length(paths) 

    path = paths{i}+1; 

    [y x] = ind2sub([nRows mCols],path); 

    plot(x,y,'Color',[0 0 1],'LineWidth',1); 

end 

title('Blue Superpixel Boundaries - Mean Superpixel Value'); 

imwrite(spMean,'cone-sp.jpg'); 

 

Code of Principal Component Analysis 

function Y = fuse_pca(M1, M2) 

%Y = fuse_pca(M1, M2) image fusion with PCA method 

% 

%    M1 - input image #1 

%    M2 - input image #2 

% 

%    Y  - fused image    

  

%    (Oliver Rockinger 16.08.99) 

  

% check inputs  

[z1 s1] = size(M1); 

[z2 s2] = size(M2); 

if (z1 ~= z2) | (s1 ~= s2) 

  error('Input images are not of same size'); 

end; 

  

% % compute, select & normalize eigenvalues  



 

% [V, D] = eig(cov([M1(:) M2(:)])); 

% if (D(1,1) > D(2,2)) 

%   a = V(:,1)./sum(V(:,1)); 

% else   

%   a = V(:,2)./sum(V(:,2)); 

% end; 

  

m1=M1(1:z1*s1);%½«M1£¬M2×ª³ÉÒ»Î¬ÏòÁ¿ 

m2=M2(1:z2*s2); 

m1=m1';%½«×ª»»ºóµÄÒ»Î¬ÏòÁ¿×ªÖÃ³ÉÁÐÏòÁ¿ 

m2=m2'; 

u=(m1+m2)/2;%¼ÆËãÁ½ÁÐÏòÁ¿µÄÆ½¾ùÏòÁ¿ 

X=[m1-u m2-u];%¹¹ÔìX¾ØÕó 

S=X'*X/2;%Éú³ÉÁ½´ýÈÚºÏÍ¼ÏñµÄ×ÜÌåÉ¢²¼¾ØÕó 

  

[V,D]=eig(S);%¼ÆËã×ÜÌåÉ¢²¼¾ØÕóµÄÁ½¸öÌØÕ÷Öµ£¬±£´æÔÚDÖÐµÄ¶Ô½ÇÏßÔªËØ£¬VÃ

¿ÁÐÎª¶ÔÓ¦µÄÌØÕ÷ÏòÁ¿ 

% compute, select & normalize eigenvalues  

if (D(1,1)>D(2,2))%¶ÔÁ½¸öÌØÕ÷Öµ½øÐÐ´óÐ¡ÅÐ¶¨£¬²¢¼ÆËãÈÚºÏÈ¨ÖµÏµÊý 

    a=V(1,1)/sum(sum(V)); 

    w(1)=a; 

    w(2)=1-a; 

else 

    a=V(2,2)/sum(sum(V)); 

    w(1)=1-a; 

    w(2)=a; 

end 

% and fuse 

Y=w(1)*M1+w(2)*M2;%¸ù¾ÝÈÚºÏÈ¨ÖµÏµÊý½øÐÐÈÚºÏ¼ÆËã 

imwrite(Y,'PCAresult.jpg'); 

 

 

 

 


