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Abstract

Stereo vision is based on the process of obtaining the disparity from a left and

a right view of a scene. By obtaining the disparity, we find the distance (depth) of

each object point from the camera so that we can construct a 3-D form of a scene.

A disparity map indicates the depth of the scene at various points. In this thesis we

first discuss the local window based approaches like correlation window and adaptive

window for finding the disparity map. These local approaches perform well in highly

textured regions, non repetitive and in irregular patterns. However they produce noisy

disparities in textureless region and fail to account for occluded areas. We then discuss

the particle swarm optimization and graph cuts as global optimization techniques as

the tools to obtain better estimates for the disparity map. These algorithms make

smoothness assumption explicitly and solve the problem by minimizing the specified

energy function. Particle swarm optimization, a bio inspired optimization technique

is simple to implement but has high time complexity whereas graph cuts converges

very fast yielding better estimates.

In this thesis, we use rectified stereo pairs. This reduces the correspondence search

to 1-D. To demonstrate the effectiveness of the algorithms, the experimental results

from the stereo pairs including the ones with ground truth values for quantitative

comparison is presented. Our results show that the disparity estimated using the

graph cuts minimization performs better than the particle swarm optimization and

local window based approaches in terms of quantitative measures with fast conver-

gence.
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Chapter 1

Introduction

Stereo vision is a classical research problem in computer vision. Stereopsis is the

process in visual perception leading to the sensation of depth from the two slightly

different projections of the world onto the retinas of the two eyes. The displacement

in the two retinal images is called disparity. The differences arise from the different

positions of eyes on the face. Stereopsis is commonly referred to as depth perception.

Computer vision system is motivated through this binocular vision system (eye).

1.1 Motivation

Stereo vision probably evolved as a means of survival. With stereo vision, we can

see where the objects are in relation to our own bodies with much greater precision–

especially when those objects are moving towards or away from us in the depth

dimension. We can see a little bit around solid objects without moving our heads and

we can even perceive and measure empty space with our eyes and brains.

Stereo vision finds many applications in automated systems. Stereo vision is highly

important in fields such as robotics, to extract information about the relative position

of 3-D objects in the vicinity of autonomous systems. Other applications for robotics

include object recognition, where depth information allows for the system to separate

occluding image components, such as one chair in front of another, which the robot

1



CHAPTER 1. INTRODUCTION 2

may otherwise not be able to distinguish as a separate object by any other criteria.

Scientific applications for digital stereo vision include the extraction of information

from aerial surveys, for calculation of contour maps or even geometry extraction for

3D building mapping. Stereo vision is also used in view synthesis, video coding and

safe navigation in spatial environment.

1.2 Theory of Stereo Vision

Stereo vision refers to the ability to infer information on the 3-D structure or distance

of a scene from two or more images taken from different viewpoints [1]. Computer

stereo vision is motivated through binocular stereo vision means human eye. Two

images of a same scene are taken by two cameras. Cameras are separated by a

distance exactly like our eyes. From a computational standpoint, a stereo system

must solve two problems [1]:

• The Correspondence Problem: Given the left and right view of the scene,

our main goal is to find corresponding pixels i.e. pixels resulting from the

projection of same 3-D point on to the two image planes. The difference in

position of the corresponding pixels is called disparity. Disparities of all the

pixels in an image form the so-called disparity map.

• The Reconstruction Problem: Given a number of corresponding parts of

the left and right images i.e. disparity map and possibly information on the

geometry of stereo system, our goal is to find the depth and thus construct a

3-D form of an image.

We can use disparity to obtain the depth of a scene. Disparity is inversely related

to depth and this relationship is obtained from the figure 1.1.
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Figure 1.1: A simple stereo system: Depth is estimated from the disparity of cor-
responding points. P : The object point. pl: Projection of P on left image. pr:
Projection of P on right image. Ol and Or: Centers of projections. T : Baseline of
the stereo system that is the distance between Ol and Or. cl and cr: The principal
points of left and right image. xl: Coordinates of pl with respect to cl. xr: Coordi-
nates of pr with respect to cr. f : Common focal length. Z: Distance(depth) between
P and the baseline.

From the figure, we obtain the relationship:

Z =
f · T
d

(1.1)

Where Z is the depth and d = Xl −Xr is the disparity between the matching points

pl and pr. Thus by finding disparity we can estimate depth for a given point. We can

represent disparity by an intensity map, brighter the intensity, closer the object is to

us. Some pixels in the one image do not correspond to any pixel in the other image.

Such pixels are said to be occluded.

There are several factors that make disparity estimation a difficult task, including

depth discontinuities, photometric variation and lack of texture. The presence of dis-
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continuities causes occlusions, which are points only visible in one image of the stereo

pair, making the disparity assignment very difficult at object boundaries. Further-

more, image areas which contain little or repetitive textures result in ambiguities in

the matching process caused by the presence of multiple possible matches.

1.3 Constraints in Stereo Vision

In order to overcome these ambiguities and make the problem more tractable, a

variety of constraints and assumptions are typically made. The most commonly used

constraints are related to the following factors:

• Epipolar Constraint: The geometry of stereo vision is known as epipolar

geometry [1], is shown in figure 1.2. Epipolar geometry is used in search for

corresponding points in stereo matching. Given a stereo pair of cameras, any

point P in 3-D space, we define a plane π, going through P and the centers

of projection of two cameras. The plane π is called epipolar plane. The lines

where π intersects the image planes are conjugated epipolar lines. The image in

one camera of the projection center of the other is called epipole. All epipolar

lines intersect at epipoles.

As shown in figure 1.2, el and er is the epipole of left and right image planes

respectively. Plane identified by P , Ol and Or is epipolar plane. Given pl, P

can lie anywhere on the ray from Ol through pl. But, since the image of this ray

in the right image is the epipolar line through the corresponding point, pr,the

correct match must lie on the epipolar line. This important fact is known as the

epipolar constraint that is corresponding points must lie on conjugated epipolar

lines. It establishes a mapping between points in the left image and lines in the

right image and vice versa.

By the concept of epipolar constraint, we can convert our 2-D search to 1-

D search through image rectification [2] as shown in figure 1.3. Given a pair
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Figure 1.2: The epipolar geometry.

of stereo images; rectification determines a transformation of each image such

that pairs of conjugate epipolar lines become collinear and parallel to one of

the image axis, usually the horizontal one. In other words, to find the point

corresponding to (il, jl) of the left image, we just look along the scan line j = jl

in the right image.

• Intensity Constraint: states that a corresponding pixel pair should have the

same image intensity value.

• Uniqueness Constraint: imposes that one pixel can have, at most,one cor-

responding pixel in the other image.

• Ordering Constraint: constrains the order of points along epipolar lines to

remain the same.

• Smoothness Constraint: imposes a continuous and smooth variation in the

uniform areas of the disparity field.
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Figure 1.3: Rectification of a stereo pair.The epipolar lines associated to a 3-D point
P in the original cameras(black lines) becomes collinear in the rectified cameras(light
gray).
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A broad range of algorithms, using combinations of the above constraints, have

been developed for solving the stereo matching problem. Stereo algorithms that pro-

duce dense disparity maps can be obtained using either local or global optimization

methods. Local algorithms, where the disparity at each pixel depends only on inten-

sity values within a local window, perform well in highly textured regions; however

they often produce noisy disparities in textureless regions and fail at occluded areas.

Global algorithms make smoothness assumptions explicitly and solve the problem

through various minimization techniques. These optimization methods manipulate a

large amount of data, which implies a high computational cost.

Our goal is to find the dense disparity map using stereo pairs. In our thesis,

we use rectified stereo pairs. We take smoothness constraint into account. First,

we use window based approaches for disparity estimation. These approaches have

some disadvantages so to get better disparity estimates we use global approaches like

particle swarm optimization and graph cuts. We find graph cuts converges faster and

gives the solution near to the optimal. Graph cuts is better than the PSO in terms

of quantitative performance measure.

1.4 Organization of The Thesis

Our aim in this thesis is to compare quantitatively different local and global ap-

proaches for disparity estimation. For better disparity estimates with reasonably

good accuracy particle swarm optimization and graph cuts minimization techniques

are discussed. The idea behind comparative study of these approaches is to find the

approach that is less time consuming for implementation in practical scenario with

better disparity estimates qualitatively and quantitatively.

In chapter 2, we discuss correlation window based method as local approach for

disparity estimation. This approach makes smoothness assumption implicitly that

is the disparity is constant over the correlation window. This approach is not time

consuming only for small window size and performs well in highly textured region.
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Problems associated with such approaches are that the size of the correlation window

must be carefully chosen. They produce noisy disparities in textureless region and

fail at occluded areas. All the results are compared with ground truth image for

quantitative measure (mean square error).

To overcome the problems, in chapter 3, we discuss adaptive window based ap-

proach as local optimization method. It is recursive in nature and uses multiple

windows for better disparity estimates. Multiple windows are used to enhance the

strategy of finding a best match. This approach selects an appropriate rectangular

window by evaluating the local variation of intensity and disparity. The basic idea

behind using multiple windows is that window yielding a smaller “sum of squared

differences” (SSD) is more likely to cover a constant depth region. A quantitative

comparative performance of both the approaches is presented. The disadvantage

having that method is higher time complexity.

Local approaches are dependent on window size and get stuck at local minima.

Disparity depends only upon the intensity values within the window. To find the

solution close to the global minima, global approaches are discussed. In chapter

4, we discuss Particle swarm optimization (PSO) technique as global optimization

technique. It is based on swarm intelligence of natural creatures. It optimizes certain

energy function with smoothness constraint explicitly and try to converge to the

global minima. Here we first conduct some experiments using standard benchmark

functions to test the performance of PSO. We then implement PSO to estimate the

disparity. This technique is simple to implement but it is time consuming and the

results are not satisfactory both quantitatively and qualitatively.

In chapter 5, we provide detailed literature survey of Graph cuts minimization

technique as another global approach. We again conduct some experiments to test

the performance of Graph cuts to minimize standard benchmark functions. Graph

cuts guarantees that the solution so obtained either reaches the global optimum or

reaches local minima close to the global minimum quite fast. It minimizes certain

energy functions and minimization is possible only if the energy function is graph
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representable. Minimization of an energy function by graph cuts is basically finding

that cut on the graph which has the minimum cost. Our results show that graph

cuts converges very fast and solutions obtained are close to the global minima. Per-

formance wise it is comparable to particle swarm optimization and better than the

approaches proposed in chapter 2 and chapter 3.

In chapter 6, we present the conclusion. Future scope of our thesis is discussed.



Chapter 2

Correlation Window Based

Approach

In this chapter we discuss Correlation window based approach for disparity estima-

tion.We implement this approach to find the disparity map.We discuss the problem

associated with this approach.

2.1 Introduction

In correlation based methods, the elements to match are image windows of fixed size

and the similarity criterion is a measure of correlation between windows in the two

images. The corresponding element is given by the window that maximizes/minimizes

the similarity criterion within a search region. Many researchers used this approach

for disparity estimation [23], [24], [25], [26].

Correlation based methods produces dense disparity maps. For rectified stereo

pairs correspondence search is reduced to 1-D search because conjugate epipolar lines

become collinear and parallel to horizontal image axis. So the corresponding element

to search is on the horizontal epipolar line that is the displacement is in the x-axis

only. Given a pixel in left image, the goal is to find the corresponding pixel in the

right image by finding the disparity at that pixel which maximizes/minimizes the

10
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cost function over a correlation search window. In this approach the smoothness

constraint is made implicit i.e. the assumption is that the disparities within the

window is constant.

2.2 Algorithm

Input is a rectified stereo pairs of images Il (left) and Ir (right). Let pl and pr be the

pixels in the left and right image, 2W+1 the width (in pixels) of correlation window,

R(pl) the search region in the right image associated with pl, and ψ(u, v) a function

of two pixel values u, v [1]. The depth/disparity is assumed to be constant within

the window.

For each pixel pl(i, j) of the left image:

1. For each displacement d is element of R(pl), compute the cost function value over

correlation window.

C(d) =
W∑

k=−W

W∑
l=−W

ψ(Il(i+ k, j + l), Ir(i+ k + d, j + l)) (2.1)

2. The disparity of pl is d̂ that maximizes/minimizes c(d) over R(pl).

d̂ = argmax/min{c(d)} (2.2)

The output is an array of disparities (the disparity map), one per each pixel of Il.

For rectified stereo pairs the search region R(pl) is the corresponding horizontal

epipolar line in the right image for the pixel pl in the left image. Two widely adopted

choices for the similarity criterion function are:

1. ψ(u, v) = u · v, which yields the cross-correlation between the window in the left

image and the search region in the right image. This measure should be maximized

over correlation window.
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2. ψ(u, v) = (u − v)2, which performs the sum of squared differences. This measure

should be minimized over correlation window.

2.3 Limitations of Correlation Window Based Ap-

proach

Correlation window based approach produces a dense disparity map. The resultant

disparity map should be smooth and detailed; continuous and even surfaces should

produce a region of smooth disparity values with their boundary precisely delineated,

while small surfaces should be detected as separately distinguishable regions. Algo-

rithms that can produce a smooth disparity map tend to miss the details and those

that can produce a detailed map tend to be noisy.

Problems associated with correlation window based approach are that the size of

the correlation window must be carefully chosen. The optimal choice of the window

size depends on the local amount of variation in texture and disparity. When the

window is too small, the intensity variation in the window will not be distinctive

enough and many false matches may result. In general, a smaller window is needed

so that unwanted smoothing can be avoided. On the other hand, when the window is

too large, resolution is lost, since neighboring image regions with different disparities

will be combined in the measurement. In areas of low texture, however a large window

is needed so that the window contains intensity variation enough to achieve reliable

matching.

The assumption of constant disparity within the window is a fundamental limita-

tion of such approach. This approach performs well in highly textured region; however

they often produce noisy disparities in texture less regions and fail at occluded areas.
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2.4 Experimental Results

We present the experimental results of Correlation window based approach with a

quantitative measure. The stereo pairs are downloaded from the site [20].

In our experiments,we do not allow explicit computation of the occluded pixels,

so we assume that they do not exists and compute correspondences for all pixels. We

use rectified stereo pair of ”Corridor Image” [20] of size 256 × 256. The Left and

Right view of ”Corridor Image” is shown n figure 2.1. Our aim is to find the disparity

map i.e. optimal disparity at each pixel location. We assume a maximum disparity

of 10. We use various sizes of correlation window with “sum of squared differences”

as similarity criterion. The optimal disparity map is found by minimizing the cost

function as given in equation (2.1) and (2.2). Estimated disparity maps obtained

using various window sizes is shown in figure 2.2. Here the disparity map is shown as

intensity map, closer the object is more brighter the intensity.

To measure the performance of the method quantitatively, we compute the “Mean

Square Error” [2] (MSE) between the estimated disparity map obtained by the method

and the true disparity map, named as Ground Truth Disparity Map. MSE is an

excellent metric in the context of optimization, although it does not represent the

perceptual quality of the results. This is widely used by researchers in the area of

depth estimation, restoration, super resolution etc. We use MSE as a signal fidelity

measure [17]. The goal of a signal fidelity measure is to compare two visual signals

by providing a quantitative score that describes the degree of similarity or the level

of error between them. In “Corridor image”, right image is used as a reference image

and disparity is calculated for left image. So left ground truth disparity map is used

[20], shown in figure 2.1.

MSE =
1

MN

∑
(x,y)

(D(x, y)−G(x, y))2 (2.3)

Here D is the estimated disparity map and G is the ground truth disparity map for
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(a) Corridor Image (Left View) (b) Corridor Image (Right View)

(c) Ground Truth Disparity Map

Figure 2.1: Left and Right View of Corridor Image with Ground Truth Disparity
Map [20]



CHAPTER 2. CORRELATION WINDOW BASED APPROACH 15

(a) Window Size: 3×3 (b) Window Size: 5×5

(c) Window Size: 7×7 (d) Window Size: 9×9

(e) Window Size: 13×13 (f) Window Size: 21×21

Figure 2.2: Disparity Maps obtained using different sizes of correlation window
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M × N size image. The quantitative comparison of results among disparity map

obtained through various window size is presented in Table 1.1.

Window Size MSE (disparity Units) Time (seconds)

3 × 3 8.871 4.053

5 × 5 8.526 5.641

7 × 7 8.525 7.514

9 × 9 8.688 10.053

13 × 13 9.400 15.716

21 × 21 11.261 15.716

Table 2.1: Results of Correlation window based approach

Our results shows that small windows of size 3×3 yields noisy disparity map and large

windows like 13× 13 and 21× 21 yields poor results at depth discontinuities.Medium

size windows like 7× 7 and 5× 5 gives good results comparatively. We use MATLAB

for our experiments.



Chapter 3

Adaptive Multiple Window Based

Approach

Stereo correspondence for obtaining dense disparity map in two frames stereo is a

classical problem in computer vision. Most of the algorithms utilize intensity variation

to compute disparity map. One of which was discussed in the previous chapter. One

common problem correlation based approach face is the computation of support region

or window size. Each pixel has neighborhood with different intensity and disparity

variations. So selecting an efficient window becomes a difficult task. The region

enclosed by window must be large enough to include enough intensity variations and

small enough to avoid the effect of projective distortion. We need to adaptively

compute the window dimensions for each pixel based on the intensity and disparity

variations around the pixel.In this chapter we discuss adaptive multiple window based

approach. We implement this approach to find the disparity map.We discuss the

advantages of this approach over the approach discussed in chapter 2. Many of

researchers attempted this approach to solve the stereo matching problem.[27], [28].

17
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(a) 1 (b) 2 (c) 3 (d) 4

(e) 5

Figure 3.1: The five asymmetric correlation windows. The pixel for which disparity
is computed is highlighted.

3.1 Adaptive Multiple Window Algorithm

Correlation window based matching that utilizes correlation window which covers a

region of non-constant disparity is likely to fail. Therefore, correlation is performed

using five windows [3] as in figure 3.1 and the disparity with the smallest SSD error

is retained for each pixel in the image. The window that yields a smaller SSD error

is more likely to cover a constant depth region. In this way, the selection of an

appropriate window is driven by the disparity profile itself. We have assumed that

the epipolar lines are aligned and horizontal so that we perform the search along

corresponding x-axis. For the matching procedure, sum of squared differences is used
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as a similarity measure [3].

S(x, y, d) =
∑
n

∑
m

(Il(x+m, y + n)− Ir(x+m+ d, y + n))2 (3.1)

Where Il and Ir are the left and right images respectively and S(x, y, d) is the sum

of squared differences of the pixel (x, y) whose disparity is to be calculated using a

m × n window. d is the offset in the right image with respect to the pixel (x, y) in

the left image. The computed disparity is the one that has a selected window with a

suitable size which minimizes equation (3.1).

In addition to selecting the appropriate window that covers a constant depth

region, the window size also plays an important role in assisting the search for a best

match. The window size must be large enough to include sufficient intensity variation

for reliable matching, but small enough to avoid the effects of projective distortion.

In other words, increasing the size of the window will result in growing error of depth

estimates but reducing its size will make the computed disparity more noise-sensitive.

After selecting the suitable window, we now reduce the size of the selected window

recursively to get a window that will further minimize the SSD error. The reduction

procedure will take place either until the SSD error is greater than the previous value

or it reaches a minimum window size. The window size is recursively reduced from

all direction towards the pixel for which disparity is computed excluding the side on

which the pixel lies.

3.2 Effectiveness of The Approach

Multiple windows are used to enhance the strategy of finding a best match. This

approach selects an appropriate rectangular window by evaluating the local variation

of intensity and disparity. The basic idea behind using multiple windows is that win-

dow yielding a smaller SSD is more likely to cover a constant depth region. Adaptive

window method addresses a problem of uniqueness that is a given pixel from one im-



CHAPTER 3. ADAPTIVE MULTIPLE WINDOW BASED APPROACH 20

age can match only on pixel from the other image. However, if the number of pixels

having the same minimum value is two or more. We cannot determine the dispar-

ity exactly. It can happen in image regions of regular patterns or uniform intensity

patterns. We can handle this problem by expanding the window in four directions

to include the more pixels, if there are multiple local minima within the search im-

age. Correlation based methods assumes that the depth is equal for all pixels of a

correlation window. This assumption is violated at depth discontinuities. However,

adaptive window based method offer an improved behavior at depth discontinuities.

3.3 Experimental Results

We implement adaptive multi-windowing approach for estimation of disparity map

for “corridor image”. Estimated disparity map using various window sizes are shown

in figure 3.2. Quantitative comparison among different window sizes is shown in Table

3.1. Our results show that adaptive window based approach gives better disparity

estimates comparable to correlation window based approach.

Window Size MSE (disparity Units) Time (seconds)

3 × 3 7.349 13.753

5 × 5 7.147 20.502

7 × 7 7.218 29.829

9 × 9 7.382 41.403

13 × 13 7.857 62.245

21 × 21 9.117 125.824

Table 3.1: Results of Adaptive Multiple Window Based

Approach.
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(a) Window Size: 3×3 (b) Window Size: 5×5

(c) Window Size: 7×7 (d) Window Size: 9×9

(e) Window Size: 13×13 (f) Window Size: 21×9

Figure 3.2: Disparity Maps obtained using different adaptive windows.



Chapter 4

Global Approach: Particle Swarm

Optimization

In the local based methods such as the window based technique, as discussed in the

previous chapters, the disparity depends only upon the intensity values within the

window. The limitation that the local based methods suffer is that there may be

multiple matches for a point in the reference image. To overcome these limitations

global methods are proposed which use optimization techniques to find the optimal

solution. So we use global optimization methods such as particle swarm optimization

(PSO) and graph cuts (GC) for solving the stereo matching problem. In this chapter

we discuss the concept of particle swarm optimization technique and implement it for

disparity estimation.

4.1 Introduction

Natural creatures sometimes behave as a swarm. One of the main streams of artificial

life researches is to examine how natural creatures behave as a swarm and reconfigure

the swarm models inside a computer. From the beginning of 90’s, new optimization

technique researches using analogy of swarm behavior of natural creatures have been

started. Eberhart and Kennedy developed particle swarm optimization (PSO) based

22
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on the analogy of swarm of bird and fish school [5]. Each individual exchanges

previous experiences in PSO. These researches are called Swarm Intelligence [4]. PSO

can handle continuous optimization problems originally. PSO has been expanded

to handle combinatorial optimization problems and both discrete and continuous

variables as well. PSO can be realized with a small program.

Boyd and Richerson examine the decision process of human being and developed

the concept of individual learning and cultural transmission [4]. According to their

examination; people utilize two important kinds of information in decision process.

The first one is their own experience; that is, they have tried the choices and know

which state has been better so far, and they know how good it was. The second one

is other people’s experiences; that is, they have knowledge of how the other agents

around them have performed. Namely, they know which choices their neighbors have

found are most positive so far and how positive the best pattern of choices was.

Namely each agent decides his decision using his own experiences and other peoples’s

experiences. This characteristic is the basic concept of PSO.

4.2 Basic Method

PSO is basically developed through simulation of bird flocking in two dimensional

space. Each agent’s position is represented by XY axis position and velocity is

represented by vx (velocity of X axis) and vy (velocity of y axis).Modification of each

agent’s position is realized by velocity and position information.

Bird flocking optimizes a certain objective function. Each agent knows its best

value so far (pbest) and its XY position. This information is analogy of personal

experiences of each agent. Moreover, each agent knows the best value so far in the

group (gbest) among pbests. This information is analogy of knowledge of how the

other agents around them have performed. Each agent tries to modify its position

using the following information [4]:

• The current position (x, y).
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• The current velocity (vx, vy).

• The distance between the current position and pbest.

• The distance between current position and gbest.

This modification is represented by the concept of velocity. Velocity of each agent is

modified by the following equation [4]:

vk+1
i = w · vki + c1 · rand1 × (pbesti − sik) + c2 · rand2 × (gbest− Sik) (4.1)

where:

vki : velocity of agent i at iteration k.

w : weighting function.

cj : weighting factor.

ski : current position of agent i at iteration k.

pbesti : pbest of agent i.

gbest : gbest of the group.

The following function is usually used in equation (4.1):

w = wmax −
wmax − wmin
itermax

× iter (4.2)

where:

wmax : initial weight.

wmin : final weight.

itermax : maximum iteration number.

iter : current iteration number.

The current position (searching point in solution space) is modified by the following

equation:

sk+1
i = ski + vk+1

i (4.3)

The RHS of equation (4.1) consists of three terms. The first term is the previous
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velocity of the agent. w is an inertia weight which plays a role of balancing the local

and global search. The second part is cognition part which represents the private

thinking of the particle itself. The third part is social part which represents the

collaboration among particles. These second and third terms are utilized to change

the velocity of the agent. Without the second and third terms, the agent will keep

on flying in the same direction until it hits the boundary. Namely, it tries to explore

new areas and, therefore, the first term is corresponding to diversification in the

search procedure. They exhibit the global search ability by adding the first part.

On the other hand, without the first term, the velocity of the flying agent is only

determined by using its current position and its best positions in history. Namely,

the agents will try to converge to their pbests and/or gbest and, therefore, the terms

are corresponding to intensification in the search procedure. It is more likely exhibit

the local search ability without the first part.

4.3 PSO Algorithm

Eberhart and Kennedy presented a general algorithm for PSO [4]. Figure 4.1 shows

the general flow chart of PSO. The general flow chart of PSO can be described as

follows:

1. Generation of initial condition of each agent: Initial searching points (si
0)

and velocities (vi
0) of each agent are usually generated randomly within the al-

lowable range. The current searching point is set to pbest for each agent. The

best-evaluated value of pbest is set to gbest and the agent number with the best

value is stored.

2. Evaluation of searching point of each agent: The objective function value

is calculated for each agent. If the value is better than the current pbest of the

agent, the pbest value is replaced by the current value. If the best value of pbest

is better than the current gbest, gbest is replaced by the best value and the agent
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Figure 4.1: A general flow chart of PSO.

number with the best value is stored.

3. Modification of each searching point: The current searching point of each

agent is changed using (1)(2)(3).

4. Checking the exit condition: The current iteration number reaches the prede-

termined maximum iteration number, then exit. Otherwise, go to (2).

4.4 Experimental Results

4.4.1 PSO implementation on Benchmark Functions

In this section, we first conduct few experiments to test the performance of PSO

by minimizing three standard benchmark functions [6] given in Table 4.1. Initial

assignment of weights and maximum values of velocities and positions are taken as

shown in Table 4.2. In all of the functions,dimensionality n = 10 are tested. The

parameters chosen are:
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• Numbers of particles in the swarm: 20

• Inertia weight is computed by equation(4.2) where wmax = 0.9 and wmin = 0.4

• Weighting factor c1 = 2.0 and c2 = 2.0

• Dimension = 10 and Runs = 30

For every function, algorithm is tested for 30 trials/runs. Mean fitness, best fitness,

worst fitness are computed for different iterations. Results obtained on the three

benchmark functions are shown in Table 4.3 through Table 4.5 respectively. Figure

4.2 indicates the best fitness values with respect to iterations in one particular trial

run for the three benchmark functions respectively.Our results shows that PSO is

very simple to implement and converges to global minima. In the following section

we explain how we employ PSO to solve our problem of disparity estimation.

Benchmark Function Equation

Sphere f0(x) =
n∑
i=1

x2
i

Rosenbrock f1(x) =
n−1∑
i=1

100(xi+1 − xi2)2
+ (xi − 1)2

Rastrigrin f2(x) =
n∑
i=1

(xi
2 − 10 cos(2π · xi) + 1)

Table 4.1: List of benchmark functions on which PSO is

tested
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Function Initialization Range Vmax Xmax

Sphere (50,100) 100 100

Rosenbrock (15,30) 100 100

Rastrigrin (2.56,5.12) 10 10

Particle initialization ranges in optimization of benchmark functions

Sphere Function

Iterations Mean Fitness Best Fitness Worst Fitness

1500 0.0000 0.0000 0.0000

2000 0.0000 0.0000 0.0000

Table 4.3: Fitness achieved by Sphere function

Rosenbrock Function

Iterations Mean Fitness Best Fitness Worst Fitness

1500 0.0000 0.0000 0.0000

2000 0.0000 0.0000 0.0000

Table 4.4: Fitness achieved by Rosenbrock function

Rastrigrin Function

Iterations Mean Fitness Best Fitness Worst Fitness

1500 4.8421 0.0000 8.9534

2000 4.1788 0.0000 8.9444

Table 4.5: Fitness achieved by Rastrigrin function
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(a) Results of optimization of
Sphere function

(b) Results of optimization of
Rosenbrock function

(c) Results of optimization of Ras-
trigrin function

Figure 4.2: Results of Optimization of Benchmark function.



CHAPTER 4. GLOBAL APPROACH: PARTICLE SWARM OPTIMIZATION 30

4.4.2 Disparity Estimation Using PSO

We implement PSO algorithm to find the disparity map. For this an energy function is

defined and the goal of PSO method is to minimize this function so that we get better

disparity maps when compared to those obtained by local based techniques. The

efficiency of the optimization techniques are determined by the extent of minimization

they perform. The energy function is defined as [2]:

E(d) = Edata(d) + Esmooth(d) (4.4)

where:

Edata(d) =
∑
(x,y)

(Il(x, y)− Ir(x+ d(x, y), y))2 (4.5)

Esmooth(d) =
∑
(x,y)

((d(x+ 1, y)− d(x, y))2 + (d(x, y)− d(x− 1, y))2) (4.6)

Edata(d) is the cost based on the intensity differences of the matching pixels in the

left and right images. This term sees how well the disparity function d(x, y) matches

with the input image pair. Unlike the local based methods where the uniqueness

of the solution depends only upon the reference image this term Edata(d) checks

the minimization with respect to both the input images. Esmooth(d) is the term

which applies the condition that the neighboring pixels in a image have the same or

relatively close disparities. In local based method implicit assumption is made about

the smoothness factor whereas in the global methods explicit assumptions are made

for the smoothness factor by using Esmooth(d) term in the energy function.

We minimize our energy function using PSO. We use “Corridor Image” as given

in chapter 2. In this scenario particles are disparity maps D which is a function

of (x, y) means d(x, y). For initial particles,we take disparity map(D) of window

based method as input for PSO. We take five disparity maps as particles (these

disparity maps are obtained by modifying D in the form of D (+/-) k where k is

some constant) as our agents. We run 1000 iterations and other PSO parameters are
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same as used in implementation of benchmark function.In each iteration,disparity

maps get modified and their fitness value is calculated. Following the PSO flow chart

the pbest and gbest are calculated and at the end of the last iteration value the gbest

obtained is considered to be the optimal disparity map. The ground truth disparity

map and optimal disparity map obtained from PSO of “Corridor Image” is shown in

figure 4.3 and quantitative performance measure and best fitness value achieved after

convergence is shown in Table 4.6. It may be mentioned here that the researchers

in the stereo community have not yet attempted to solve the problem using PSO

optimization. One of the main reason for the same may be that PSO is a bio-inspired

heuristic method. The comparison of PSO with window based approach is presented

in Table 4.7. We conclude that that one need to choose better parameters while

optimizing using PSO in order to get better performance.

(a) Ground Truth Disparity map (b) Disparity map obtained from PSO

Figure 4.3: Ground Truth and optimal Disparity Map using PSO

Iterations Particles Best Fitness MSE (disparity units) Time (seconds)

1000 5 99.79290×105 22.8920 504.6635

Table 4.6: Results obtained from Particle Swarm Opti-

mization
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Approach MSE (disparity units) Time (seconds)

Correlation Window 8.525 7.514

Adaptive Window 7.147 20.502

Particle Swarm Optimization 22.892 504.6635

Table 4.7: Comparison of PSO performance with window

based approaches



Chapter 5

Global Approach: Graph Cuts

PSO is a bio-inspired approach [18]. PSO suffers with premature convergence [6] and

does not guarantee global convergence. Our results show that the performance mea-

sure obtained from PSO is not satisfactory. Hence for better disparity map estimation

we use more recent optimization technique used by vision community i.e. graph cuts

(GC). In this chapter we provide a detailed study of graph cuts optimization tech-

nique. We implement graph cuts to minimize the energy function to find the optimal

disparity map. Graph cuts is a global optimization technique and gives better dis-

parity estimate with fast convergence. Next, we compare the performance of Graph

Cuts with other techniques discussed in previous chapters. We conclude that the

solution obtained using graph cuts is near the optimum solution with computational

complexity much less than PSO.

5.1 Labeling Problem

Many vision problems can be formulated as labeling problem [10]. To specify a label-

ing problem, we need a set of sites and set of labels. Sites represents image features

on which we want to estimate some quantity like pixels, edges, image segments etc.

Labels represent the quantity to be estimated like intensities, disparities.

Let P = {1, 2, 3, . . . , n} be a set of n sites.

33
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Let L = {l1, l2, l3, . . . , lk} be a set of k labels.

When solving a labeling problem, one needs to measure similarity between labels.

The labeling problem is to assign a label from the label set L to each site in the set

of site P . A labeling is denoted by f = {f1, f2, f3, . . . , fn}.

In our stereo vision application the set of sites is image pixels and labels are disparities

to be estimated at every pixel location.

5.2 General Form of Energy

Labeling problems can be naturally formulated in terms of energy minimization.

Graph cuts can be used for minimization of only a certain types of energy func-

tions.One of the most widely used energy function in the graph cut framework is as

follows [10], [11]:

E(f) = Edata(f) + Esmooth(f) (5.1)

In this framework, we seek the labeling f that minimizes the energy E.Here Edata

measures the disagreement between f and the observed data. The form of Edata is

typically:

Edata(f) =
∑
p∈P

Dp(fp) (5.2)

Where Dp measures how appropriate a label is for the pixel p, given the observed

data.

Esmooth measures the extent to which f is not piecewise smooth. The choice of Esmooth

is a critical issue and many different functions have been proposed. When smoothness

prior is “everywhere smooth”, it leads to poor results at object boundaries. When it

is “piecewise smooth” prior, performs the discontinuity preserving behavior at object

boundaries. The form of Esmooth is typically:

Esmooth(f) =
∑
{p,q}∈N

Vp,q(fp, fq) (5.3)
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N is the set of pairs of adjacent pixels.Vp,q(fp, fq) is the term to incorporate the

spatial smoothness called Neighbor Interaction Function. This measures the cost of

assigning the labels fp and fq to two neighboring pixels p and q. Hence, Esmooth is sum

of neighbor interaction functions for all neighbor pairs. It assigns the labeling which

are not smooth, a high cost by counting all penalties between neighbor pairs having

different labels. In our work, we consider only the pair wise interaction between

pixels. Graph cuts can be used on this type of energy functions only when V is semi

metric or metric.

5.3 Energy Minimization via Graph Cuts

5.3.1 Basics

Minimization via graph cuts is possible only if the energy function is graph repre-

sentable. In flow networks,one often needs to compute the maximum rate at which

material flows in the flow network. Related to it is the question of cuts in the flow

networks that is the problem of determining a set of edges of total minimum capacity,

which if removed will disrupt the flow in the network. The original vision problem

is transformed into the graph cut problem which in turn is solved by computing the

maximum flow/minimum cut on the flow networks.

G = (V , E) be a weighted graph where V is the set of vertices and E is the set of

edges. V has two distinguished vertices called the terminals [10], [11]. Usually one of

the terminals is called a source and the other one is called a sink. A cut C ⊂ E is a set

of edges such that the terminals are separated in the induced graph G(C) = (V , E−C).

In addition no proper subset of C separates the terminals in G(C). The cost of cut C,

denoted |C|, equals the sum of its edge weight. The minimum cut problem is to find

the cut with smallest cost. This problem can be solved very efficiently by computing

the maximum flow between the terminals, according to “Min cut-Max flow” theorem

due to Ford and Fulkerson [14]. All the pixels of image are represented as internal
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vertices in a graph. All pixels are connected to the source and sink by the terminal

links (t-links). All neighbor pixels are connected by neighbor links (n-links). Graph

Construction for a 2-D image is shown in figure 5.1.

Figure 5.1: A graph G(V , E) for a 2-D image. Ellipse shows the terminal vetices and
circles represent intermediate vertices, which are pixels. Dashed line shows a cut on
a graph.

5.3.2 Move Spaces

Minimization of such energy functions, described above is NP hard [10]. We approach

this problem by finding a local minimum. We can categorize the local minima through

the concept of move spaces. Local minima are defined with respect to allowed moves.

A move is a pair of labeling (f, f
′
) ∈ F ∗ F , where F is a set of all labeling. Let

M⊂ F ∗ F be a set of moves called move space [10].

If (f, f
′
) ∈M: f is within one move from f

′
.

A labeling f is a local minimum with respect to move spaceM, if E(f) ≤ E(f
′
), for

any (f, f
′
) ∈M. Obviously ifM = F ∗F then local minimum with respect toM is
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also a global minimum.

• Expansion Move Space: Moves in the expansion move space are called Ex-

pansion moves. Expansion moves are labeled by a single label. Let α ∈ L. A

pair (f, f
′
) is an α-expansion move, if there exist A ⊂ P and such that

fp
′
=

{
α, p ∈ A

fp p 6∈ A
(5.4)

The move is called α-expansion because f
′

is derived from f by switching all

labels in A to α i.e. α is expanding.

The expansion move space is:

M =
⋃
α∈ L

{
(f, f

′
)|(f, f ′

) is a α-expansion move} (5.5)

5.3.3 Expansion Move Algorithm

Expansion move algorithm is used to find the optimal expansion move f which min-

imize the specified energy E(f). Expansion move space is indexed by a single label

α. The algorithm is defined as [10]:

1. Start with an arbitrary labeling f .

2. Set success: = 0.

3. For each α ∈ L

3.1. Find f̂ = argminE(f
′
) among f

′
within one α-move of f .

3.2. If E(f̂) < E(f), set f := f̂ and success: = 1.

4. if success = 1, goto 2.

5. Return f .
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We start with some arbitrary labeling f . The idea is to keep searching for labeling

f
′

within one move from f which decreases the value of the energy function, until no

such f
′

is found.

Instead of finding an arbitrary such labeling f
′
, we will find f̂ which is within one

α move from f , and which gives the lowest value of the energy function among all

labeling f
′

within one α-move from f . Such a move is called an optimal α-move from

f . Finding an optimal α move is a crucial step in algorithm and it is performed in

step no. 3.1.

Thus the algorithm is greedy: for each fixed α we make the best possible α move,

if it decreases the value of energy function. A single execution of steps 3.1, 3.2, 3.3 is

called an iteration and and execution of step 2, 3, 4 is called cycle.

The main task of the algorithm is performed in step no. 3.1 that is given a labeling

f and a label α, task is to find an optimal α-expansion move from f . The technique

is based on computing a cut on a certain graph G(V , E). This graph contains two

terminals α and α
′
. Graph construction holds several features [10], [11]:

• A cut C on G corresponds to a labeling f c which is one α-expansion away from

the original labeling f .

fp
c =

{
α, If cut separates p and α

f oldp , If cut separates p and α
′ (5.6)

In other words, a pixel p is assigned label α if the cut C disconnects p from the

terminal α and p is assigned its old label fp if C disconnects p from the terminal

α
′
.

• Desired labeling f̂ equals f c where C is a minimum cut of G.
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5.4 Binary Energy Minimization

It is discussed that pixel labeling problem consists of many variables. In these problem

variables represent the pixels. Minimization of energy function of many variables

using graph cut is NP Hard. Graph cut algorithm minimize an energy function

with non binary variables by repeatedly minimizing an energy function with binary

variables.

5.4.1 Energy Functions of Binary Variables

The key sub problem in the expansion move algorithm is to compute the lowest energy

labeling within a single α-expansion of f . This sub problem is solved efficiently with

a single graph cut [10], using a somewhat intricate graph construction.

This sub problem is an energy minimization problem over binary variables, even

though the overall problem that the expansion move algorithm is solving involves non

binary variables. This is because each pixel will either keep its old value under f or

acquire the new label α.

Formally, any labeling f
′

within a single α-expansion of the initial labeling f can

be encoded by a binary vector x = {xp|p ∈ P}, where f
′
p = fp if xp = 1 and f

′
p = α

if xp = 0 [12]. Let us denote the labeling defined by a binary vector x as fx. Since

the energy function E is defined over all labellings, it is obviously also defined over

labeling specified by binary vectors. The key step in the expansion move algorithm

is therefore to find the minimum of E(fx) over all binary vectors x.

5.4.2 Representing Energy Functions with Graphs

Let us consider a graph G = (V , E) with terminals s and t, thus V = {v1, v2, . . . , vn, s, t}.

A cut C = S, T by a labeling f mapping from the set of vertices V − {s, t} to {0,1},

where f(v) = 0 means that v ∈ S and f(v) = 1 means that v ∈ T .Each cut on G has

some cost; therefore, G represents the energy function mapping from all cuts on G to

the set of nonnegative real numbers. Any cut can be described by n binary variables
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x1, . . . , xn corresponding to vertices in G (excluding the source and the sink): xi = 0

when vi ∈ S and when xi = 1 when vi ∈ T [12]. Therefore, the energy E that G

represents can be viewed as a function of n binary variables: E(x1, . . . , xn) is equal

to the cost of the cut defined by the configuration x1, . . . , xn (xi ∈ {0, 1})

E can be efficiently minimized by computing the minimum s − t-cut on G. This

naturally leads to the question: What is the class of energy functions E for which we

can construct a graph that represents E? In the following section we discuss what

type of energy functions can be minimized via graph cuts [12].

5.4.3 The Class F2 [12]

Theorem 5.4.1. Let E be a function of n binary variables from the class F2, i.e.,

E(x1, . . . , xn) =
∑
i

Ei(xi) +
∑
i<j

Ei,j(xi, xj) (5.7)

Then, E is graph-representable if and only if each term Ei,j satisfies the inequality

Ei,j(0, 0) + Ei,j(1, 1) ≤ Ei,j(0, 1) + Ei,j(1, 0) (5.8)

The Function satisfying the condition of (5.8) is called regular. This theorem thus

states that regularity is a necessary and sufficient condition for graph-representability,

at least in F2.

5.4.3.1 Graph Construction for F2

Vladimir Kolmogorov and Ramin Zabih presented graph construction for F2 [12].

Let E be a regular function of the form given in the theorem. Graph is constructed

for each term separately and then all graphs are merged together. This is justified by

the additivity theorem.

The graph contains n + 2 vertices: V = {v1, v2, . . . , vn, s, t}. Each nonterminal

vertex vi encodes the binary variable xi. For each term of E, one or more edges are
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added that is described next. First, consider a term Ei depending on one variable xi.

If Ei(0) < Ei(1), then add the edge (s, vi) with the weight Ei(1)−Ei(0) as shown in

figure 5.3(a). Otherwise add the edge (vi, t) with the weight Ei(0)− Ei(1) as shown

in figure 5.3(b).

Now, consider a term Ei,j depending on two variables xi, xj. It is convenient to

represent it in figure 5.2(a). It can be rewritten as it is expressed in figure 5.2(b).

The first term is a constant function, so no need to add any edges for it. The second

and the third terms depend only on one variable xi and xj,respectively. Therefore,

the construction given above can be used. To represent the last term, an edge (vi, vj)

is added with the weight B + C − A − D as shown in figure 5.3(c). This weight is

nonnegative due to the regularity of E. A complete graph for Ei,j contains three

edges. One possible case (C −A > 0 and D−C < 0) is illustrated in figure 5.3(d).

(a) Table 1

(b) Table 2

Figure 5.2: Representation of the second term Ei,j.
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(a) (b) (c)

(d)

Figure 5.3: Graphs that represent some functions in F2. (a)Graph for Ei,where
Ei(0) < Ei(1). (b) Graph for Ei,where Ei(1) < E0(1)
(c) Third edge for Ei,j. (d) Complete graph for Ei,j,if C > A and C > D.
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5.5 Experimental Results

5.5.1 Graph Cuts implementation on Simple Functions

We conduct some experiments to test the performance of Graph Cuts to minimize

some functions. We use ready made Graph Cuts code of Vladimir Kolmogorov for

implementation of these functions [12], [15], [21]. Each term of the function is regular

and uses binary energy minimization technique described in section 5.3.4. These

functions are of class F2. Graph cuts converges very fast to global minima. Results

are as shown in Table 5.1. In the following section we explain how we employ graph

cuts to solve our problem of disparity estimation.

Function Minimum value Minima At

E(x, y, z) = x− 2y + 3(1− z)− 4xy + 5|y − z| -5 (1,1,1)

E(x1, . . . , x10) = x2
1 + . . .+ x2

10 0 (0,. . . ,0)

Table 5.1: Results of Graph Cut implementation on sim-

ple functions

5.5.2 Disparity Estimation Using Graph Cuts

We implement graph cuts to find the disparity map and use Vladimir Kolmogorov’s

graph cut codes [11], [12], [15], [21]. For this an energy function is defined and the goal

of graph cuts method is to minimize this function so that we get better disparity maps

when compared to those obtained by other methods discussed in previous chapters.

The energy function used in our case is discussed in the previous chapter and defined

in equation (4.4), (4.5), (4.6). First, we need to convert our energy function into a

labeling problem. We consider our reference image(right view of corridor image) as

primary image and left view as secondary image. Let P be a set of pixels in the
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primary image. The task is to label each pixel in P with its disparity. Thus the set

of labels is the set of all possible disparities. So now the energy function in equation

(4.5), (4.6) can be rewritten according to the terms used in section 5.2 as:

Data Term Dp(fp):

∑
p∈P

(Il(p(x, y))− Ir(p(x+ fp, y)))2 =
∑
(x,y)

(Il(x, y)− Ir(x+ d(x, y), y))2 (5.9)

Smoothness Term Vp,q(fp, fq):

∑
p,q,r∈P

((fq − fp)2 + (fp − fr)2) =
∑
(x,y)

((d(x+ 1, y)− d(x, y))2 + (d(x, y)− d(x− 1, y))2)

(5.10)

Here, fp = d(x, y) means the disparity at pixel p(x, y). q and r are first order neighbor

of a pixel p.

After specifying the energy function, our task is to represent it in a graph. It has

been proved that an energy function is graph representable iff the energy function

satisfies the regularity condition. Data term consist of only one variable means it

depends on only one label, say fp. So it is already regular. The smoothness term has

three variables fp, fq, fr means d(x, y), d(x, y), d(x, y) respectively. The neighborhood

interaction function V should be metric. So our task is to make smoothness term

regular. For this, we reduce the smoothness term consist of one variable of say fp

by keeping the other labels fq and fr constant. This is repeated in each cycle until

convergence is reached ( i.e. the cost is no longer reduced). We use integer label set.

After making every term regular, graph is constructed as described in section

5.4.3. Stereo problem is a multi label problem. This is solved using binary energy

minimization iteratively by α-expansion algorithm discussed in section 5.3.3. Initial

disparity map is used from window based method. After some iteration, it converges

to the optimal solution. Optimal disparity map and the ground truth map of “corridor

Image” is shown in figure 5.4 and quantitative performance measure and total energy

value achieved after convergence is shown in Table 5.2. We use C++ for graph cuts
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implementation.

We compare the performance of graph cuts with other methods discussed previ-

ously as shown in Table 5.3. Our results show that graph cuts converges very fast

and gives better disparity estimates comparable to other methods. PSO converges in

1000 iteration, whereas graph cuts converges in 40 iteration.

(a) Ground Truth Disparity
map

(b) Disparity map obtained
from Graph Cuts

Figure 5.4: Ground Truth and Optimal Disparity Map using Graph Cuts

Iterations Total Energy MSE (disparity units) Time (seconds)

39 24.26785×105 4.295 12.362

Table 5.2: Results of Graph Cuts
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Approach MSE (disparity units) Time (seconds)

Correlation Window 8.525 7.514

Adaptive Window 7.147 20.502

Particle Swarm Optimization 22.892 504.6635

Graph Cuts 4.295 12.362

Table 5.3: Comparison

5.6 Some More Experiments

To compare the performance of methods, experiments on one stereo pair is not enough.

We conduct the experiments on two more stereo image pairs: “Sawtooth” and “venus”

stereo pairs [19]. The stereo image pairs with their ground truths are shown in table

5.4 and the comparison chart is shown in Table 5.5.

Stereo Image Left View Right view Ground Truth

Corridor Image

Venus Image

Continued on next page
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Table 5.4 – continued from previous page

Sawtooth Image

Table 5.4: Stereo Images Pairs with their Ground Truth

Disparity Map

Stereo Image Correlation Adaptive PSO Graph Cuts

Corridor Image

MSE: 8.525 MSE: 7.147 MSE: 22.892 MSE: 4.295

Venus Image

MSE: 11.736 MSE: 10.625 MSE: 25.766 MSE: 7.358

Sawtooth Image

MSE: 10.7458 MSE: 9.472 MSE:23.827 MSE: 6.428

Table 5.5: Experimental Results of correlation Window,

Adaptive Window, PSO and Graph Cuts method on dif-

ferent stereo pairs



Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis has explored few approaches for the estimation of disparity using stereo

as cue that can be implemented in a practical scenario. Our emphasis has been

on approaches that are cost-effective and time efficient at the same time be reliable

as well. We first discuss two local approaches: correlation window and adaptive

window based approaches. The results show that solution is dependent on window

size. Small windows yields noisy disparity maps and large windows results in loss of

resolution. To overcome the limitations of such approaches, we use global optimization

techniques. First, we use Particle Swarm optimization. It is very simple algorithm

but computationally taxing. Our result shows that the performance measure (Mean

Square Error) for PSO is poor than window based approaches. This may be because

of the choice of certain parameters while implementing the PSO. So to obtain better

disparity estimates, we use graph cuts minimization technique. Our results shows

that the performance measure obtained from graph cuts is much better than the other

three approaches and comparison is shown in Table 5.3. We conclude that the solution

obtained using graph cuts is near the optimum solution with fast convergence and

computational complexity much less than particle swarm optimization and window

48
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based approaches.

6.2 Scope For Future Work

In our thesis, we used a “smoothness prior” which is everywhere smooth and we

have not taken occluded pixels into account. In future we can use a “discontinuity

preserving smoothness prior” and also account for occlusion, gives better results at

object boundaries and occluded pixels can be removed which results in true pixel

matches.

In our thesis, we used rectified stereo pairs. The original images are transformed

in such a way that both stereo images are coplanar and epipolar lines are collinear.

Hence the correspondence search is reduced to 1-D search. In such a process, the

information is lost in transformation and interpolation is used while rectifying the

images, this give accurate disparity estimates as we are no longer using the raw data.

So to get accurate disparity estimates, we can perform disparity estimation in 2-D.

For this the original raw images are used which are not coplanar means the search

will be in 2-D.

Another important problem can be carried towards the performance measure. In

our work we use “Mean Square Error” as performance measure. The assumption for

this is that the image fidelity is independent of spatial relationship between the sam-

ples of the original signal [17]. Image fidelity is also independent of any relationship

between the original signal and error signal. In our work there exists a relationship

between pixels defined by neighborhood system. So MSE is not a good choice. Hence

one can use “Structural Similarity Index Measure”(SSIM) as a performance measure.

SSIM is originally motivated by the observation that natural image signals are highly

structured, meaning that the samples of natural image signals have strong neighbor

dependencies, and their dependencies carry important information about structures

of the objects in the visual scene [17].
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