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ABSTRACT

There has been rapid development and research in the field of computer vision aiming towards the design of complex autonomous system that helps human in simplifying the job which consumes a lot of time and effort. The theme of this field has been to duplicate the abilities of human vision by electronically perceiving and understanding an image. This image understanding can be seen as the disentangling of symbolic information from image data using models constructed with the aid of geometry, physics, statistics, and learning theory.
This thesis aims at study and analysis of different stereo matching algorithms by comparing their performances based on their accuracy and computational speed. This thesis report includes study of several stereo matching techniques such as Sum of Absolute Differences (SAD), Sum of Squared Differences (SSD), Normalized Cross Correlation (NCC) and Adaptive Window. SAD, SSD and NCC are simple local area-based algorithms which are faster in computation but have relatively lower accuracy. Adaptive window algorithm considers the variance of the error also, which further helps in improving accuracy without much affecting computation speed.

Keywords: Stereo algorithm, disparity, groundtruth, Sum of Absolute differences (SAD), Sum of Squared Differences (SSD), Normalized Cross Correlation (NCC), Adaptive Window, triangulation.
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CHAPTER 1: INTRODUCTION
1.1 Background

Vision enables humans to navigate and gather information about the surrounding environment. Detecting a human face in a scene, recognizing objects and understanding people's emotional moods from their facial expressions are only a few examples of vision tasks that humans do automatically in everyday life. Although these tasks are performed with minimum effort, analysis and simulation of these processes are highly complex.

In the last three decades researchers have tried to give vision capabilities to automated systems such as robots, which would lead to more intelligent systems with a wider range of capabilities. This is very much a work-in-progress: the way human brain processes visual information is not yet exactly understood, and image processing tasks are usually computationally intensive[1]. 

1.2 Computer Vision
Stereo vision refers to one of the sub domains of computer vision which find applications in varieties of field like medicine, autonomous driving, robotics, military, and many others. Computer vision is a field that includes methods for acquiring, processing, analyzing and understanding images and, in general, high-dimensional data from the real world in order to produce numerical or symbolic information, e.g., in the forms of decisions.

A theme in the development of this field has been to duplicate the abilities of human vision by electronically perceiving and understanding an image. This image understanding can be seen as the disentangling of symbolic information from image data using models constructed with the aid of geometry, physics, statistics, and learning theory. Applications range from tasks such as industrial machine vision systems which, say, inspect bottles speeding by on a production line, to research into artificial intelligence and computers or robots that can comprehend the world around them. The computer vision and machine vision fields have significant overlap.

Computer vision covers the core technology of automated image analysis which is used in many fields. Machine vision usually refers to a process of combining automated image analysis with other methods and technologies to provide automated inspection and robot guidance in industrial applications.

As a scientific discipline, computer vision is concerned with the theory behind artificial systems that extract information from images. The image data can take many forms, such as video sequences, views from multiple cameras, or multi-dimensional data from a medical scanner.

As a technological discipline, computer vision seeks to apply its theories and models to the construction of computer vision systems.

Examples of applications of computer vision include systems for controlling processes, navigation, detecting events, organizing information, modeling objects or environments, interaction, automatic inspection, and many more. Sub-domains of computer vision include scene reconstruction, event detection, video tracking, object recognition, learning, indexing, motion estimation, and image restoration and depth calculations using stereo vision.

1.3 Objectives
The thesis aims the study of different stereoscopic algorithms. The main objectives of this thesis are:

· To study stereoscopic algorithms namely Fast Stereo Matching Algorithm Using Adaptive Window” and dense-disparitymapping algorithms SAD, SSD and NCC 
· To compare the algorithms in terms of their efficiency on disparity calculation which is based on the matching accuracy and computational complexity.

1.4 Scope of Thesis
Stereo matching is one important direction of computer vision. It is the important means of gaining object depth information from many viewpoints in the image. It has vastly applying prospect in fields such as motion target tracking, identification, medical science and others [2].
Stereoscopic pictures allow calculating the distance from the camera(s) to the chosen object within the picture. The distance is calculated from differences between the pictures and additional technical data like focal length and distance between the cameras. The certain object is selected on the left picture, while the same object on the right picture is automatically detected by means of optimization algorithm which searches for minimum difference between both pictures. The calculation of object’s position can be calculated by doing some geometrical derivations. The accuracy of the position depends on picture resolution, optical distortions and distance between the cameras [3]. The optimizing stereo algorithms should be fast and accurate for real time applications involving the calculation of distance and velocity of a moving object.
1.5 Organization of Thesis
The related background theory, brief introduction of various stereo vision algorithms are included in chapter 2. It also contains introduction to stereo vision geometry, disparity and calculation of depth using the property epipolar geometry and triangulation. In chapter 3, the flowchart describing working of Adaptive Window method is included. Simulation results are included in chapter 4. Finally discussion, conclusion and future enhancements for this thesis work are organized in chapter 5, 6 and 7 respectively.
CHAPTER 2: LITERATURE REVIEW
2.1 Introduction
This chapter aims to present the necessary backgrounds and related theories regarding the concept of stereo vision. This chapter presents the background material that was necessary to develop the ideas in this thesis. It covers the main steps from 2D stereo pictures to estimation of 3D points representing physical features in the image of the real world scene. It shows how the computer vision can be used to simulate the capability of human sensation of vision, Stereopsis.

2.2 Concepts
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Stereo vision is very much similar to the process through which human infer depth information from the scene. The process is known as Stereopsis. Stereopsis (from stereo meaning "solid" or "three-dimensional", and opsis meaning appearance or sight) is the impression of depth that is perceived when a scene is viewed with both eyes by someone with normal binocular vision. Binocularviewing of a scene creates two slightly different images of the scene in the two eyes due to the difference in positions of the eyes on the head. These two different retinal images are combined by the brain, matching up the similarity and adding the differences, to get a combined picture, which is a three dimensional stereo picture. So the differences, referred to as binocular disparity, provide information that the brain can use to calculate depth in the visual scene, providing a major means of depth perception. Importantly stereopsis is not usually present when viewing a scene with one eye, when viewing picture of a scene with both eyes, and when someone with abnormal binocular vision views a scene with both eyes. This is despite the fact that in all these three cases humans can still perceive depth relations.
2.2.2 Stereo Vision
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Stereoscopy, also called stereo vision, is a technique used for recording andrepresenting stereoscopic (3D) images. It can create anillusion of depth using two pictures taken at slightly differentpositions. In 1838, British scientist Charles Wheatstoneinvented stereoscopic pictures and viewing devices [4].
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Stereo vision aims the extraction of 3D information from digital images, such as obtained by a CCD camera. By comparing information about a scene from two points, 3D information can be extracted by examination of the relative positions of objects in the two images. As stated earlier, this is similar to the biological process Stereopsis. So, stereo vision is a technique aimed at inferring depth of different objects in the scene taken from two or more cameras.

2.2.3 Stereo Vision Geometry
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Figure 2.4 shows a single camera view consisting of optical center (camera position), O and image plane, I. The real points P, Q and R are the object points and on theimage plane, I, their respective images are p, q and r respectively. As points P and Q lie on same line (same ray of light), so their images also coincide at p≡q. This occurs for each point along the same line of sight.
Figure 2.5 shows two cameras viewing the same scene. OLeftand ORight are the positions of Left Camera and Right Camera respectively. These points are also called optical centers. ILeftandIRightare the image planes corresponding to Left Camera and Right Camera respectively. Comparing this setup with that of single camera, when an additional camera is placed atORight, two individual images, p’ and q’, are formed at the image plane IRight, showing the differences in their position which is invisible to the Left Camera. 
The image obtained from single camera is the 2D projection of 3D view. When the image is projected to 2D plane, the information of one dimension is lost. The dimension whose information is lost in single camera view is the depth of scene with respect to the camera position. 
The main objective of stereo algorithms is to find the matching point of a point of a scene in the reference image, in the target image. That is, the goal is to establish the correspondence between the two points arising from the same element in the scene. This problem is called stereo matching or the correspondenceproblem. Once matching points are detected, one can simply extract disparity as the shift between these points and then estimate the scene point distance by simple calculations.
To solve the correspondence problem, the first approach is to pick one pixel in reference image andthen search through a 2-D region around that pixel location in the target image to find the correspondingpoint. However, it can be shown that a 1-D search is sufficient due to the epipolarconstraint. 
Epipolar constraint states that if p is the projection of a scene point in one image,then the corresponding point,p’ , in the other image will lie on a straight line, epipolar line,which is the intersection of the image planes with a plane that contains point and the twocenters of projection.
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In figure 2.6, consider the scene points P, Q and Ron the same line of sight of the left image.The image points of these three points project on the same coincident point p≡q≡r on the image plane of the left image. But these three points have distinct image points p’, q’ and r’ on the image plane of the right image. The line joining the center of projection of two cameras, OLeftORight, is called baseline. The line of sight PQR and Pp’ when joined to the optical centerOLeftand ​ORight forms a triangular plane,POLeftORight. This plane is called epipolar plane. The epipolar plane intersects the right image plane at the line p’q’r’ and the left image plane similarly. These lines at the intersection of epipolar plane and the image planes are called epipolar lines. The epipolar constraint states that any point object that lies on the epipolar plane has its image points on the epipolar lines of both the image planes. From figure 2.6, it is clear that the projection of scene points P, Q, and R, which lie on same epipolar plane POLeftORight, lie on same epipolar line p’q’r’. All epipolar planes contain same base line.

This simplifies the correspondence problem greatly. It assures that the matching point of any pixel in reference image can be searched on a line of target image, provided the information of corresponding epipolar line. So epipolar constraint reduces the search domain from 2-D region to 1-D. This is a great advantage for computer vision as it greatly reduces the matching complexity and the convergence time.
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The cameras can be made perfectly aligned horizontally and vertically and with same focal length. The alignment of cameras in standard form makes the correspondence problem more convenient as the 1-D search domain can further be constrained in the same image scanline. 
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Figure 2.7 shows the standard form of the images. The figure shows two images for each of the left and right cameras. ILand ILSare the normal and standard form of the left camera image. IR and IRSare the normal and standard form of the right camera image. The images of coplanar scene points P, Q, R and S are denoted by p, q, r and s respectively in the left image while their images are denoted by p’, q’, r’ and s’ respectively in the right image. The scene points are coplanar so their images fall in same epipolar line shown by dotted line in the normal image and by the bold line in the standard image. The figure shows that the intersection of the epipolar plane and the standard image planes form horizontal epipolar lines. These horizontal epipolar lines form a row in their corresponding images. So, the projection of any individual scene points fall on the same scanline of both the images. Hence while searching the matching point of any pixel of row x of the reference image the search can be limited in the same scanline i.e. row x of the target pixel. So while running any stereoscopic algorithm for the [image: image39.png]


standard form of the reference and target image it ensures that the corresponding matching pixel of any pixel can be searched in the same scanline of the next image.
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Figure 2.8 shows the sectional view of the geometry related to the stereo camera system. In the figure P and Q are the point objects and their corresponding image points are denoted by p and q in the left image and p’ and q’ in the right image.

Also, 

xL denotes the position of the image point in the left image,

xR denotes the position of the image point in the right image,

b denotes the baseline of the stereo camera system,

zdenotes the depth of the point object from the camera system,

fdenotes the focal length of the cameras.

The difference between the position of image points in the left and right image is called disparity of the given point object. It is denoted by d and is given by,
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By comparing figure (i) and (ii), it can be noted that for a stereo camera system, as the point object moves nearer to the camera system the disparity of the image point increases. So, it can be said that greater the depth of the object from the camera lesser is the disparity and lesser the depth of the object from the camera greater is the disparity. As the depth of object goes on increasing and tends to infinity the disparity goes on decreasing and tends to zero. So the images of the object that is very far from the stereo camera system have approximately same position in both the left and right images.

The relationship between the depth of any object and the disparity in its image points can be derived by applying simple geometry in figure 2.8. 

By considering similar triangles ∆Ppp’and∆POLeftORight,
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or, 
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or,
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Arranging the above equation,
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From equation (ii), with the knowledge of the baseline (b) and the focal length (f) of the stereo camera system, once the disparity is known then the depth of the object from the camera can be easily calculated.

Equation (ii) shows that the disparity and depth of the object have inverse relation. So, as stated before, greater the depth of the object in the scene lesser is the disparity and vice versa.
2.3 Overview of Stereo Vision System
This section presents the overview of the stereo vision system. Stereo vision system comprises of stereo camera system for image acquisition and other necessary hardware and software for further processing of image to obtain the disparity of whole scene in the image. 
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Figure 2.9 shows the block diagram of general stereo vision system. It consists of stereo cameras (not shown in figure) to capture a pair of stereo images. Then the captured images are used in calibration of the cameras. Calibration is usually an offline process that is carried out to estimate the intrinsic and extrinsic parameters of the cameras. The stereo pair of images is then rectified. The rectification is the process of correcting image distortions introduced during imaging object space. Then the disparity map is calculated by some stereo correspondence technique and finally triangulation is carried out in order to calculate the depth of the images in the scene.
2.3.1 Calibration
A camera lens transforms object space to image space. Distortions occur between points on the object and the location of the images of these points due to which the transformation cannot be described simply by a perspective transformation [5]. So to reconstruct 3D scene from stereo image pair, applying perspective transformation alone doesn’t suffice, unless the distortions introduced during the imaging process are not taken care of. 

Camera calibration also referred to as camera resectioning, is a way of examining an image, or avideo, and deducing what the camera situation was at the time the image was captured. The objectiveof camera calibration is to find the external/extrinsic parameters(position and orientation relativelyto a world co-ordinate system), and the internal/intrinsic parameters(principal point, focal length, skewcoefficients and distortion coefficients) of the camera. Theextrinsic parameters also describe the relationship between the cameras. The information of intrinsic and extrinsic parameters is necessary for image rectification and disparity calculations.
2.3.1.1 Intrinsic Parameters

There are five intrinsic parameters in a general camera model. 
They are:
a. Focal length

 It is the focal length of the camera. It is denoted by the 2 x 1 vector,fc = [fxfy]T . The ratio fy=fx, often called aspect ratio, is different from 1 if the shape of pixel in the sensor array are not square.The values are expressed in units of horizontal and vertical pixels.
b. Principal point 
The point of intersection of the principal axis with the image plane is called the principal point. It is denoted by the 2 x 1 vector, cc = [cx cy]T.
c. Skew coefficient

The skew coefficient defining the angle between the x and y pixel axes is denoted by the scalar,αc. Thus pixels are even allowed to be non-rectangular. Some authors refer to that type of model as affine distortion model. For new cameras where pixels are assumed to be rectangular, the value of αc = 0.
d. Distortions
Generally there are two types of distortions, radial and tangential. Radial distortion is a failure of a lens to be rectilinear, a failure to image lines into lines. The tangential distortion is due to decentering or imperfect centering of the lens components and other manufacturing defects in a compound lens. The image distortion coefficients (both radial and tangential) are denoted by the    5 x1 vector d. For the lenses which do not have imperfection in centering, the tangential component of distortion can be discarded [6][7]. 
2.3.1.2 Extrinsic Parameters
The two extrinsic parameters to be estimated in camera calibration are:

a. Rotation: It is defined by a 3x3 matrix, R.
b. Translation: It is given by 3x1 translation vector, T.
The extrinsic parameters also describe the relationship between the cameras. R and T help in aligning the two cameras.

Stereo calibration is important for accuracy in 3D reconstruction. Calibrating stereo cameras is usuallydealt with by first calibrating each camera independently, and then applying geometric transformationof the external parameters to find out the geometry of the stereo setting.

2.3.2 Rectification
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The major task of a stereo matching process is to take one pixel from a reference image and search for its corresponding matching pixel somewhere in 2D space of target image. The search process can be efficient if and only if the region to be searched can be minimized. From the discussion in Section 2.2.3 it is clear that the epipolar geometry is helpful in efficiently reducing the 2D search domain into 1D domain of epipolar lines. While finding the corresponding pixels with the help of epipolar line, both the horizontal and vertical disparity should be calculated. 

Furthermore, the pair of stereo images obtained from a stereo system contains some limitations due to effects like lens distortion, skew, rotation, translation, etc. The set of cameras may be slightly rotated off level or may not be perfectly aligned. Stereo images may not always be correctly aligned to allow for quick disparity calculation. These limitations in stereo images give rise to large matching error. So, in order to carry out stereo matching efficiently, the stereo images are first needed to be preprocessed by epipolar rectification or simply rectification.
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Epipolar rectification is a geometric transformation of a pair of images mapping theirepipolar lines onto the scanlines, such that corresponding epipolar lines are on the samerow.
With the help of parameters calculated from camera calibration step, the image pairs are rectified. Rectification removes lens distortions and converts the stereo image pair into standard form. After applying image rectification, both images are rotated to allow for disparities in only the horizontal direction (i.e. there is no disparity in the y image coordinates). Now, the stereo matching can be more efficient by minimizing the search domain to corresponding rows only.

Figure 2.10 and figure 2.11 show the stereo pair of images before and after rectification. The straight lines are the epipolar lines. From figure 2.11 it can be seen that in the rectified images the epipolar lines are transformed into horizontal scanlines which makes the correspondence problem much easier.
2.3.3 Stereo Correspondence
After the image rectification is carried out, the next step in stereo vision process/system is stereo correspondence. This is the most difficult step and plays vital role in performance of overall system.

Stereo correspondence refers to the process of finding out the matching pair of a pixel of reference image in the target image. After the stereo images are rectified, finding the stereo correspondence of a reference pixel is limited to the same scanline of the target image. The correspondence problem is solved by calculating matching cost between the reference pixel and a range of target pixels. The matching point is determined by comparing the matching cost of reference pixel with target pixels and the pixel that has least matching cost is declared the best match. So, Winner Takes All strategy is applied for decision. After finding the matching point the disparity is calculated for each pixel in reference image, disparity is the relative distance between spatial locations of a pixel with its best matching pixel in the target image.

Stereo matching continues to be an active research area in the field of computer vision.  The calculation of accurate disparity map still remains challenging, mainly due to following reasons [8]:

(i) Pixels of half occluded regions do not have correspondences in the other image, leading to incorrect matches if not taken into account.

(ii) Images are disturbed because of sensor noise. This is especially problematic in poorly textured regions due to the low signal-to-noise-ratio (SNR).
(iii) The constant brightness or color constraint is only satisfied under ideal conditions that can only roughly be met in practice.
2.3.4 Triangulation
After completion of the stereo correspondence, dense disparity map is achieved. The aim of triangulation step is to obtain depth map associated with the scene. The depth map refers to 3D reconstruction of the original scene, means finding out the 3D coordinates (X,Y,Z) of the points (or objects) in the scene.

So, triangulation can be defined as the process of determining a 3D space with the help of information given by its projection onto two (or more) images. Any real visible point must have its 3D location somewhere on the straight line that passes through the center of projection (camera) and the image point of it. So, for an object point that is visible in both stereo images, the 3D point must lie on both the straight lines joining the center of projection and image point relative to respective camera. Thus the 3D location of the object point lies at the intersection of these two lines. Hence, triangulation is also to determine the intersection of two such lines generated from two different images. 

Provided the disparity map and the information about the baseline and the focal length from the calibration, the 3D coordinates of a point (X,Y,Z) can be calculated as,
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Practically, various types of noises like geometric noise from the distortion of lens or the error in detection of the point of interest or others, lead to inaccuracies in the measured image coordinates. As a consequence, the lines generated by the corresponding image points do not always intersect in 3D space. The problem, then, is to find a 3D point which optimally fits the measured image points. If the internal parameters and the external parameters of the cameras are known it is easier to reconstruct the three-dimensional structure. This is called a calibrated setup. It is also possible to reconstruct a scene without prior knowledge of the internal and external parameters of the cameras but poses certain level of uncertainty. This approach is therefore called uncalibrated setup. Sometimes, triangulation is also referred to as reconstruction.

2.4 Taxonomy ofStereo Algorithms
2.4.1 Introduction
Stereo matching is one important direction of computer vision. It is the important means gaining object depth information from many viewpoints in the image. Stereo matching is important and difficult step in stereo vision [9].After rectification of the stereo pair of images, the matching problem can be solved using an algorithm that scans both the left and right images for matching image features. Such an algorithm is usually referred to as stereo algorithms.

2.4.2 Classification
Considered from the stereo matching, the stereo algorithms may be divided into area-based matching algorithms and feature-based matching algorithms. For the local (window-based/area-based) algorithms, the disparity computation at a given point depends only on pixel intensity values within a finite window. These algorithms usually make implicit smoothness assumptions within the aggregating support. These algorithms take finite size window around the pixels in both the images and calculate the matching cost by aggregating difference or similarity of the corresponding pixels within the window. Area-based algorithms are easier to realize and obtain dense disparity map but are sensitive to distortions, computationally expensive and slow in speed.

The global algorithms explicitly make smoothness assumptions and then try to solve an optimization problem. Unlike the local approach, these algorithms usually don‘t perform aggregation step, rather they seek disparity assignment that minimizes a global cost function that combines the data and smoothness term.

The characteristic difference between these algorithms is the minimization technique used. In between these two broad types of algorithms are the iterative algorithms which don‘t state any function that is to be minimized, but follow an iterative process for disparity refinement.
2.4.3 Common Steps
The stereo algorithms generally calculates the disparity map by performing (subsets)of following four steps (a) matching cost computation; (b) cost (support) aggregation;(c) disparity computation / optimization and (d)disparity refinement. The actual sequence of steps taken depends on the specific algorithm [3].

a. Matching Cost Computation
The local algorithms commonly use the squared intensity differences (SSD) and absolute intensity difference (SAD) [9] between the pixels within the search window of the reference and target image. Other methods include normalized cross-correlation technique which behaves similar to the square intensity difference. Some of algorithms are found to use binary matching cost, either match or no match, based on binary features like edges. The binary matching cost is not much effective for dense stereo matching. Some correspondence method uses hamming distance between homologous points to find the matching cost. Some methods may also use the fusion of two different costs to optimize the matching cost in various regions like textured, textureless, or occluded region, AD-census method may be an example.

b.  Cost Aggregation
Local methods aggregate the matching cost by summing or averaging over the support window or support region. The support window may either be two dimensional or three dimensional at a fixed disparity. The support windows are generally square window, fixed window at multiple points or with adaptive window size[9]. Some methods like ADcensus use dynamic support region based on the neighborhood of the pixel [10]. 

c. Disparity Computation and Optimization
The local methods have emphasis on the matching cost computation and aggregation steps. The final disparity is the disparity associated with the minimum cost at each pixel. Thus these methods perform local ‘winner-takes-all’ (WTA) optimization at each pixel. The global methods usually focus all their work on disparity computation and often skip the aggregation step. The global methods use disparity optimization techniques like dynamic programming and cooperative algorithm. The latter is inspired by the computational models of human stereo vision [3].

d. Disparity Refinement
Most stereo algorithms calculate discrete disparity map where the disparity levels have integer values. These discrete disparity maps are sufficient for applications like robot navigation, people tracking and others. But for image-based rendering, such quantized maps lead to the scene that appears to be made up of many thin shearing layers which is very unappealing. To rectify this situation, some stereo algorithms apply a sub-pixel refinement stage after initial discrete disparity calculation. Some of methods for sub-pixel disparity estimates are iterative gradient descent and fitting a curve to the matching costs at discrete disparity levels. If the intensities being match vary smoothly and support regions lie on same surface, this provides increase in resolution with little additional computational burden.

By crosschecking the disparity map i.e., by comparing the left-to-right disparity and right-to-left disparity the occluded and discontinuous area in the image can be found which may be filled with neighboring best reliable pixels.

Filtering the disparity map may be a computationally cheap method for disparity refinement. A median filter may be applied to remove the spurious mismatches.

2.4.4Fast Stereo Matching Algorithm Using Adaptive Window
According to taxonomy given by Scharstein and Szeliski [3], fast stereo matching algorithm is a local window based algorithm. The algorithm is variable window area-based local stereo algorithm. It uses new similarity cost function which is function of average and variance of matching error, including the bias to the larger window size. The four direction line-mask technology and integral image technology helps to improve accuracy of disparity map and reduction in computational time.

This algorithm takes a set of grayscale stereo image pair. For every image pixel in the reference image, matching cost is computed using the NSSD cost function in the square window around the target pixel. For same reference and target pixel, various matching cost are computed by varying the window size. The optimum window size is selected using Winner Takes All approach, window with minimum cost is the optimum window. Then disparity map is filtered using median filter to remove wild pixels to obtain dense disparity map. 
CHAPTER 3: METHODOLOGY

The performance analysis comparison of the area based stereo matching algorithms SAD, SSD, NCC and adaptive window based algorithm is performed in this thesis work. Correlation based matching typically produces dense depth maps by calculating the disparity at each pixel within a neighborhood. This is achieved by taking square window of certain size around the pixel of interest in the reference image and finding the homologous pixel within the window in the target image, while moving along the corresponding scanline. The goal is to find the corresponding (correlated) pixel within a certain disparity range d that minimizes the associated error and maximizes the similarity.

In brief, the matching process involves computation of the similarity measure for each disparity value, followed by an aggregation and optimization step. Since these steps consume a lot of processing power, there are significant speed-performance advantages to be had in optimizing the matching algorithm. Some of time efficient cost functions are as follows:

For SAD cost measure,
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For SSD cost measure,
[image: image13.png]error(e) = S pew|l () — L+ +))



…………………..3.2

For NCC measure,
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These measures are used for matching cost computations.
 The simulation work is done using MATLAB software.   
3.1 Assumptions
While performing the analysis it is assumed that 

· The stereo images are rectified images.
· The disparities at boundaries are considered to be zero.
· The best match is found using Winner Takes All (WTA) strategy.
3.2 Tasks
· The stereo matchingalgorithms are simulated using MATLAB.

· The comparison between these algorithms is done in terms of accuracy in matching and the running time.
3.3.1FlowchartforAdaptive Window Algorithm
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3.4 Performance Metrics
The focus of this thesis work is to compare different stereo matching algorithms. The comparison of these algorithms will be based on the following performance metrics:
3.4.1 Accuracy
Accuracy is measure to find how well the disparity calculated by an algorithm matches with the true disparity map generally referred to as ground truth. Accuracy is calculated as percentage of total number of pixels in the stereo image for which calculated disparity doesn’t exceed the ground truth by a tolerance value.
3.4.2 Run Time
Run time is the total taken by the stereo algorithm to obtain the dense disparity map. The run time depends upon nature of algorithm and various other parameters. The local area based algorithms are usually faster than the global stereo matching algorithms. The range of disparity, size of matching window, size of stereo images and the disparity refinement procedures are the factors that affect the total running time. Lesser the run time, better is the algorithm for practical implementations.

CHAPTER 4: SIMULATION AND RESULTS
This section includes the simulation results of the performance analysis of the stereo matching algorithms SAD, SSD, NCC and adaptive window algorithms. The simulation work is carried out in the Windows 8 version 6.2 (64-bit Operating System) platform using Matlab 8.1.0.604 programming software on Intel® Core™ i5 CPU M480 @2.67GHZ and 4GB RAM.
4.1 Simulation Setup
· The input images to all of the algorithms are grayscale images of variable size.

The stereo pair test images are as shown in Figure 4.1.
· The comparison of the calculated disparity and the groundtruth of the test image are done after adjusting the dynamic range of calculated disparity to that of groundtruth, generally referred to as truedisparity.

· All the simulation is carried out by assuming left image of each stereo image pair as the reference image and the right image as the target image.

· Minimum disparity for all stereo image pairs is taken to be zero.

· Maximum disparity for different images are as follows:-

Flower Pot pair – 66 pixels

Venus pair – 20 pixels

Tsukuba head and lamp pair – 16 pixels

· Square windows with variable sizes are used throughout simulation, minimum window size being 3X3.

· Maximum window sizes are based upon algorithm and the input stereo pairs.

· Pre-filters are not used in this simulation but median filter is used to smooth the disparity output.
4.2 Stereo Image Pairs and Their Corresponding Groundtruth
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4.2 Workflow Diagram


4.3 Simulation Results
4.3.1 Results forAccuracy (Adaptive Window Method)
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Figure 4.3 Accuracy vs. Maximum Window Size for Adaptive Window method

The figure above shows the nature of change in accuracy with respect to the increment in the size of window for adaptive window method. This figure shows that for very smaller window sizes, the accuracy is less. As the size of window is increased the accuracy goes on improving till an optimum window size is reached. Further increment in the size of window doesn’t improve the accuracy.
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Figure 4.4 Accuracy vs. Maximum Window Size for Adaptive Window method
The above figure shows the change in accuracy as the maximum window size is increased for flowerpot stereo image pair. It shows that the accuracy increases as the window size is increased.
4.3.2 Results forRun Time (Adaptive window method)
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Figure 4.5 Run Time vs. Maximum Window Size for Adaptive Window method

The figure above shows changes in runtime for three different image pairs as the size of maximum window changes in the adaptive window method. For obvious reasons as the size of window increases the runtime is also expected to increase which is seen in the figure also. The run time for flowerpot image is greatest because size and disparity of the image is the maximum among the three test image pairs.
4.3.3 Results forAccuracy (NCC method)
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Figure 4.6 Accuracy vs. Window Size for NCC method
The figure above shows the change in accuracy along with the increment in the window size for NCC method. For smaller windows the accuracy is very low and the accuracy is observed to increase until optimum window size is reached but goes on decreasing as the window size decreases further. The smaller window can’t get enough gray levels in the scene which gives poor result. For window size greater than the optimum window size, the SNR goes on decreasing because the window goes through the discontinuous space rising in error and overall accuracy decreases.
4.3.4 Results for Run Time (NCC method)
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Figure 4.7Run time vs. Window size for NCC method
The figure above shows the increment in the time taken by NCC algorithm to give dense disparity results for three different stereo images. The figure shows that the run time increases almost linearly with the increase in the size of window. The Flowerpot image pair is largest and has highest disparity value of 66 due to which more time is required for this image to obtain the disparity map.
4.3.5 Results for Accuracy (SAD method)
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Figure 4.8 Accuracy vs. Window size for SAD method
The figure above shows the nature of accuracy change as the window size grows for SAD image for the three stereo test pairs. The result is similar to that of Adaptive window method and NCC method. The accuracy for smaller windows is less while it grows up as window size increases to optimum level. Further increment in window size goes on decreasing SNR and hence the overall accuracy.
4.3.6 Results for Run Time (SAD method)
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Figure 4.9 Run Time vs. Window size for SAD method
The figure above shows the time taken by SAD method to obtain the dense disparity map for three different stereo image pairs. With the increase in the size of window the running time is also increasing almost linearly for all of three images. The flowerpot stereo image pair consumes the greatest time among three images because of its large image size and highest disparity level of 66.
4.3.7 Result for Accuracy (SSD method)
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Figure 4.10 Accuracy vs. Window size for SSD method
The figure above shows the change in accuracy as the window size is increased for SSD method for three stereo test pairs. Similar to the accuracy results for previous method NCC and SAD, for SSD method also nature of the trend is similar. For very small window size SNR is very low resulting lower accuracies. The result is much better as the window size grows to the optimum level. As the window size further increases beyond the optimum window size, due to discontinuities and occlusions the SNR decreases and it causes rapid decrement in the overall accuracy. 
4.3.8 Results for Run Time (SSD method)
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Figure 4.11 Run Time vs. Window size for SSD method
The figure above shows the nature of the change in the time consumed by SSD method on three different stereo test pairs to calculate the dense disparity map. As with the previous run time graphs for Adaptive window, NCC and SAD method, for this method also the run time is found to increase approximately linearly with the increase in the size of the window. The flowerpot pair takes the maximum run time for this method also.
CHAPTER 5: DISCUSSION AND CONCLUSION
The simulation results above include the simulation output of different stereo matching algorithms like Adaptive window algorithm, Normalized Cross Correlation method, Sum of Absolute Difference method and Sum of Squared Difference method on three different test images, Flowerpots test pair, Tsukuba Head and Lamp test pair and Venus test pair. 
From the different simulation results shown in chapter 4, the result of both accuracy and computation time are similar for three methods: NCC, SAD and SSD. The accuracy for these three methods is found to be very less for initial smaller windows and increases as the window size is increased. This trend goes on until and optimum window is reached for which the accuracy is the maximum. The accuracy goes on decreasing as the window size is further increased beyond the optimum size of the window. For low textured images, the matching accuracy increases with the increase in window size but in high textured images, it further lowers the accuracy.The accuracy result for Adaptive window algorithm is different from other three methods. It has relatively better accuracy for the initial smaller windows. Accuracy becomes themaximum for an optimum window size. Further increasing the maximum window size beyond the optimum size, the accuracy decreases very slowly remaining almost constant. This is due to the fact that the adaptive window chooses the best match among the different window size. So even though lager size window may go across discontinuities decreasing the SNR, but the adaptive window has choice over multiple windows so the accuracy doesn’t decrease much.The running time is found to be increasing with the increase in window size for all the four stereo vision algorithms. The time taken is greater for larger image size and the large value for disparity range. For all images, with increase in the maximum window size the computation time increase nearly linearly with change in window size.

The research point out that adaptive window has the best accuracy performance and SAD method being the fastest one.
CHAPTER 6: FUTURE ENHANCEMENTS
This thesis work compares four different stereo matching algorithms namely, Adaptive window method, Normalized cross correlation method, Sum of absolute differences method and Sum of squared differences method. This thesis compares these four algorithms on the basis of two performance metrics,Accuracy of computation and Run time of the computation. For better result and insight, three different sets of stereo image pairs have been used to test the algorithms. The test images are of different sizes and are grayscale images. This thesis work can be further enhanced by using the color images.

The serial processing is employed for simulation which results in slower computation due to which the simulation is very time consuming. This problem may be alleviated by use of any parallel processors or dedicated Graphics Processing Unit (GPU) on CUDA platform.
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Figure 2.9 Elements of Stereo Vision System











Figure 2.10 Stereo Images before Rectification





Figure 2.11 Stereo Images after Rectification
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Figure 3.1Flowchart For Adaptive Window Algorithm











Figure 4.1 Test images with their correspondinggroundtruth
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Figure 4.2 Work Flow Diagram
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