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ABSTRACT 

n this thesis, a novel algorithm is invented to detect and extract the foreground from 

background of stereo pair of images. In this way, an attempt can be made, using this 

technique towards data compression of 3D TV. This automatic extraction is achieved 

using motion detection and region segmentation techniques. The problems in this process 

were identification of foreground from its background, performing automatic 

segmentation without user interaction, distance of camera from the foreground, different 

foreground objects in same plane and number of objects in stereo images. 

In the proposed technique, pyramidal Lucas Kande technique is used to detect the most 

noticeable motion in the pairs of stereo images. The object with such type of motion will 

be detected as foreground. Its boundary points will be detected and provided to Grab Cut 

algorithm for effective extraction of foreground. Results of this approach will confirm 

our successful attempts towards data compression for the new world of 3D TV.   

Keyword: 3D TV, stereo images, stereoscopic systems, data compression in 3D 

TV, optical flow and object segmentation.  
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1 INTRODUCTION 

he television proto type has undergone through different advancements after the 

invention of first TV about seven decades ago. From black and white display it has 

emerged towards high definition TV (HDTV) with high quality image display as well as 

effective and clear resolution. Moreover worldwide TV channels are broadcasting around 

the globe instead of one or two local channels. With the recent innovations in this field, it 

can be predictable that next TV proto-type will be 3D. Three dimensional TV will open 

new era to perceive depth and having realistic and natural view. Technologies from data 

broadcasting, multimedia, computer graphics and vision, telecommunication and other 

relevant fields are being merged for the expansion in classical current 2D TV sensation.  

For the realization of 3D TV, the futurist techniques like as technologies behind volume 

scanning, the volumetric display, the holographic, multi-view stereoscopic and the auto-

stereoscopic display are potential candidates. The well known auto-stereoscopic display 

techniques is based on taking a stereo images pair from two cameras adjacent to each 

other and visualize each of these images for each eye of a viewer. Due to the 

phenomenon known as vision singleness, normally human vision system cannot observe 

the two different images visualized by each human eye. These images are known as 

stereo images.  Recently most research work is concerned about the 3D stereoscopic 

imaging.  

Binocular disparity, motion in stereo images and matching of corresponding points are 

some important fundamental factors for the process of stereopsis. Binocular disparity 

refers to the dissimilarity in the location of image of a thing (object) seen by both of 

human eye separately. Human brain uses this factor to extract depth information from 2D 

retinal images in process of stereopsis. Tracking the motion of objects is another 

important factor if we are interested to study the motion in stereo images. In order to 
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track the motion in stereo pair of images the object corners, sub-pixel corner, optical 

flow, cam shift, and mean shift are the factors which are brought under discussion.  

Current consumer trend towards 3D technology is demanding for the delivery of 3D TV 

in the near future. Different advancements in 3D displays have been developed to give 

the same sensation of depth as that of real world. The 3D visualization needs support 

from different technologies like processing, compression and representation of stereo 

images. Currently the areas of main concern for a three dimensional TV are compression 

of bandwidth, capturing and display technologies.  

The technology of digital video compression can play very important rule for the sake of 

high definition displays. Therefore different researches are in progress for effective and 

significant development in the area of image compression. In this thesis work an attempt 

has been made towards the extraction of foreground from its background from a stereo 

pair of images so that noteworthy image compression for three dimensional television 

broadcast can be achieved. The results on real as well as synthetic stereo images will be 

the demonstration of the proof that our algorithm can be in benefit of finding a solution to 

the challenging problems in the area of data compression for 3D TV.  
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2 REVIEW OF THE STATE OF ART 

n 1840 stereoscopy was invented by Charles Wheatstone. This is a technique which 

can record 3D visual information. Illusion depth in a picture can be created following 

this method. The depth information about an image in human brain can be created easily 

using two different pictures of the similar object having minor deviations.  This 

prospective of images is same as that of both human eyes normally receives in visioning 

system. This kind of depth in movies, images, photogrammetric system, or other 

entertainment purposes can be created using a slightly different picture for each of human 

eye using the production of stereogram. This phenomenon is also being used for the sake 

of 3D TV and other 3D displays [32]. 

The computerized reconstruction of 3D depth information is usually performed using two 

different pictures having pixel to pixel correspondence. The full depth information for the 

field of computer vision is usually created in this way. During the capture, compression, 

broadcast, and recovery procedures of stereo images, different kinds of distortion are 

usually added into these images. For television broadcast, insurance about quality of 

information of these input images is needed. This insurance is need for effective 

reconstruction of illusion depth in stereo images.  

Area of video compression is under main focus for researchers in the field of 3D TV as it 

is hard to transmit uncompressed data on the available bandwidth. Available techniques 

for video compression are not able to exploit the redundancy inherent at high degree for 

same object’s recording in multiple videos. In these cases the exploitation and 

synchronization of the coherence of inter-stream will not be exploited and random access 

of video frames is not easily possible. Some research works in this area will be discussed 

here to clarify our research area in this field. 

I 
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2.1. The Compression of 3D Integral Television Pictures  

In this research work, a compression technique was developed to reduce the transmission 

bit rate for the pictures of 3D integral television. This technique was based on the 

compression of 3D image having fully parallax characteristics. In this technique the cross 

correlation in different images taken by a charged couple device (CCD) is acquired. The 

correlation inherence within every image is also brought under consideration. These 

images taken from CCD were placed at the back of a directionally selective array of 

microlens. For this method, a hybrid coding scheme i.e. Differential Pulse Code 

Modulation or Digital Cosine Transform (DPCM/DCT) was used. This scheme gives 

benefit of redundancies in between every sub-image and sub-images those are in 

neighbor. This technique produced impressive compression ratio along with fine 

reconstruction of the sent 3D image. [23] 

2.2. Integral Images Data Compression for 3D TV 

This method was intended to be used in 3D imaging system. This type of compression 

allows the viewing of parallax fully colored images within boundaries of a broad viewing 

zone. This video coding technique is also based on 3D DCT. The general structure of this 

method is almost same as that of MPEG-2. MPEG-2 coding scheme is used in two 

dimensional video signals but here the main difference was the 3 dimensional DCT 

compensation or estimation blocks of motion and coding or decoding blocks. In this 

technique the compensation and estimation of motion was done at level of sub-image 

thorough estimation of one viewpoint image motion containing all the motion in an 

object scene. The edge detection, data compression, noise removal, and image 

enhancement of 3D integral images were also analyzed and processed using viewpoint 

images. According to MPEG-2 technique, the first frame was encoded. The three 

dimensional DCT based algorithm performed the compression using de-correlation 

between groups of neighboring micro-images. The compression algorithm of 3D DCT 

was applied on each volume and after this the data was quantized. After quantization, the 

data was coded using Huffman coding and sent to output buffer. [1]  
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2.3. Multi Video Compression in Texture Space 

This scheme was intended to be used with gratis view point video and applications of 3D 

TV. For this research, an encoding method was developed by the extraction of motion 

parameters and the corresponding maps of textures in the start. For motion estimation, 

synchronized eight video streams were taken. The estimation of motion parameters were 

done by the separation of video stream in back as well as foreground pixels and then 

using silhouette matching. The camera and parameters of motion were used to resample 

the input frames into a texture atlas. For effective spatial and exploit redundancy, a four 

dimensional SPIHT wavelet compression was applied on reconstructed texture maps. In 

the start the texture maps were grouped into temporal and spatial coherency blocks. It 

gave 4D data of XYZ samples. X and Y can be subsample (if given an option). The 

unused texels in these four dimensional blocks were fulfilled with the average of the valid 

texels neighboring to it for the assurance of data compression. [11]  

After going through all the discussed techniques used from data compression for 3D TV, 

our professor Dr. Siamak Khatibi instructed us to study the role of image segmentation 

for the sake of compression in the field of image processing. More over we were also 

instructed to go through the motion detection techniques in stereo images so that we can 

develop a method to achieve effective data compression for 3D TV. Following his 

instructions, we started the study on different segmentation techniques like for example 

optimal graph theoretic approach to data clustering, the theory and its application to 

image segmentation given by Zhenyu Wu and Richard Leahy [45]. Discriminative 

particular feature (mean or variance of regions of image) statistical technique of image 

segmentation introduced by Yezzi et al. [2] and Zhu and Yuille’s model of region 

competition [33] was also studied.  

After some study we decided to work on two well known techniques to perform the 

segmentation of concerned object and detect the motion from pair of stereo images. 

These techniques are discussed as follow.  
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2.4. Lucas Kanade 

2.4.1. Introduction 

In computer vision, this is a two frame differential technique proposed in 1981. It was 

developed for the estimation of optical flow. Optical flow is a technique used for the 

estimation of motion of different objects in series of frames. Optical flow is based on the 

assumption stating that the points on the similar object position have same brightness 

over time. Lucas Kanade use to introduce an additional term in the optical flow. This 

introduction is based on the assumption of constant optical flow in the surroundings of 

the central pixel under consideration, at any given time. Till today, we can find many 

modifications in the original technique.  

2.4.2. Assumptions 

Three assumptions are made in Lucas Kanade algorithm [36] i.e.  

a) Constancy of Brightness: The intensity of the pixels in secondary images remains 

almost same as in reference image. In this requirement the pixels those are in 

single tracked patch are assumed to be similar over time. 

𝑔 𝑥, 𝑡 = 𝐼𝐼 𝑥 𝑡 , 𝑡 = 𝐼𝐼 𝑥 𝑡 + 𝑑𝑡 , 𝑡 + 𝑑𝑡 ……… [1] 

The intensity values of the pixels at same axis position has very small gradient 

(almost equal to zero). 

𝛿𝑔(𝑥)

𝛿𝑡
= 0 ……… [2] 

b) Miniature Movements: This assumes that motion in two images is small. To get 

some clear views about this, the starting point might be the consistency equation 

of the brightness. The substitution of the brightness definition using the implied 

reliance of x on time t i.e. 𝐼(𝑥(𝑡), 𝑡) and for partial differentiation, the chain rules 

will be applied after this. So 

𝜕𝐼𝐼

𝜕𝑥
|𝑡   

𝜕𝑥

𝜕𝑡
 +

𝜕𝐼𝐼

𝜕𝑡
|𝑥(𝑡) = 0 ……… [3] 
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Where the spatial derivative crosswise the first image is shown by
𝜕𝐼𝐼

𝜕𝑥
|𝑡 , the 

derivative over time is given by 
𝜕𝐼𝐼

𝜕𝑡
|𝑥(𝑡) and required velocity is 

𝜕𝑥

𝜕𝑡
. So the simple 

velocity of one dimensional optical flow can be given by 

𝑣𝑣 = −

𝜕𝐼𝐼
𝜕𝑡

|𝑥(𝑡)

𝜕𝐼𝐼
𝜕𝑥

|𝑡

……… [4] 

 

c) Spatial Coherence: This type of coherence describes the correlation between 

signals at different positions in space. It can be described as a function of distance 

and it is described as a function of absolute distance verses correlation between 

observation points. For Lucas Kanade Here in spatial coherence, the neighboring 

pixels are assumed to have similar motion i.e. neighboring points are use to be on 

the same surface. As they also project to the neighboring points in image, so it is 

expected to have spatial coherence in image flow. 

2.4.3. Extension of Lucas Kanade: 

In order to receive the optical flow using Lucas Kanade algorithm, we need to track the 

feature to locate the positions of different points on pair of stereo images. Different 

factors like aperture problem, accuracy, robustness, sensitivity towards motion, and 

aliasing will be compensated using different approaches to get an optimized optical flow 

between pair of stereo images. The following main steps were followed for this purpose: 

o Optimizing aperture problem, accuracy, and robustness  

o Representation of image pyramid 

o Motion tracking implementing pyramid structure 

o Iterative optical flow computation 

Suppose that we have two gray scaled images 𝑃 and 𝑄. Image 𝑃 will be referred as 

reference image and 𝐽 as secondary image. Two quantities 𝑃(𝑠) = 𝑃(𝑠, 𝑖) 𝑎𝑛𝑑 𝑄(𝑖) =

𝑄(𝑠, 𝑖) are the gray scale value of two images 𝑃 and 𝑄 are the location 𝑠 = [𝑠 𝑖]𝑇  where 𝑠 
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and 𝑖 are two pixel coordinates of a generic image point 𝑠. Keeping practical issues in 

mind, both the images are taken as discrete functions and also the upper left corner pixel 

coordinate vector is stated as [0 0]𝑇 . Let 𝑛𝑠 and 𝑛𝑖  be the width as well as height of these 

two images. In this case the lower right pixel coordinates vector will be [𝑛𝑠–  1 𝑛𝑖 − 1].  

Optimizing Aperture Problem, Accuracy, and Robustness 

Main aim of this step is to address the factors like aperture problem, accuracy and 

robustness that can affect our optical flow in later stages. Here the robustness deals with 

the capability of coping with the motions of objects between pair of stereo images and 

getting accurate optical flow graph.  

To overcome the aperture problem it is needed to define the 2 dimensional neighborhood 

sense. Let 𝑧𝑠 and 𝑧𝑖  be two integers. Now the residual function minimized by the image 

velocity vector d will be given by [16]:  

𝜖𝐾(𝑑𝐾) =  𝜖(𝑑𝑠
𝐾 , 𝑑𝑖

𝐾) =   (𝑃 𝑠, 𝑖 − 𝐽(𝑠 + 𝑑𝑠 , 𝑖 + 𝑑𝑖))2

𝑎𝑖+𝑧𝑖

𝑖=𝑎𝑖−𝑧𝑖

……… [5]    

𝑎𝑠+𝑧𝑠

𝑠=𝑎𝑠−𝑧𝑠

 

From equation its can be observed that similarity can be measured using integration 

window of size on the image surrounding using (2𝑧𝑠 + 1)(2𝑧𝑖 + 1). 

To compensate key components i.e. accuracy and robustness during this technique, 

pyramidal implementation of Lucas Kanade algorithm is proposed because the iterative 

implementation of the computation of optical flow from Lucas Kanade technique can be 

the best option to get optimized accuracy and robustness in our resultant optical flow 

graph. 
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Representation of image pyramid 

The motivation behind this representation is to be able to face large pixel motions which 

are even larger than the size of integration windows, while receiving the optical flow 

using Lucas Kanade technique. So it is necessary to adopt pyramidal height appropriately 

keeping the maximum predictable optical flow from pair of stereo images.  

The pyramid of Image 𝐼 of size 𝑛𝑠 ∗ 𝑛𝑖 is given by equation [6]. For this representation 

𝐼0 = 𝐼, 𝑛𝑠
0 = 𝑛𝑠 , 𝑎𝑛𝑑 𝑛𝑖

0 = 𝑛𝑖  are the zero
th

 level, width and height of the image 

respectively and 𝐾 is the pyramidal level. The presentation is build using the computation 

in recursive manner i.e. calculating 𝐼1from 𝐼0, then calculating 𝐼2from 𝐼1 and so on [16]. 

𝑃K s, i =  
1

4
𝑃𝐾−1 2s, 2i 

+ 
1

8
 𝑃𝐾−1 2s − 1, 2i + 𝑃𝐾−1 2s + 1,2i + 𝑃𝐾−1 2s, 2i − 1 

+ 𝑃𝐾−1 2s, 2i + 1  

+
1

16
 𝑃𝐾−1 2s − 1,2i − 1 + 𝑃𝐾−1 2s + 1,2i + 1 

+ 𝑃𝐾−1 2s − 1,2i + 1 +  𝑃𝐾−1 2s + 1,2i + 1  ……… [6] 

Here Gaussian pyramid has been used. Generally this method involves creating a series 

of images which are weighted down using down scaling and Gaussian average. Here in 

Lucas Kanade technique, this pyramid is used for the prevention of aliasing in case of 

down sampling to prevent the artifice or distortions during the reconstruction process. 

Aliasing is use to cause ambiguities in optical flow because image can have different 

pixels with same intensity values. This is actually a coarse to fine the optical flow 

estimation process. 

Motion tracking implementing pyramid structure 

The advantage of implementation of this structure is to keep residual vector very small 

during computation procedure of large pixel displacement because the residual vector 
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describes the future value of error function in terms of the percentage of the downgrading 

of its initial value.  

Now considering an image point 𝑎 =  𝑎𝑠 𝑎𝑖 
𝑇  on image 𝑃. The aim of feature tracking is 

to locate 𝑏 = 𝑎 + 𝑑 =  𝑢𝑥 + 𝑑𝑥  𝑢𝑦 + 𝑑𝑦   on the image Q such as 𝑃 𝑎  and 𝑄 𝑏  are 

similar. Here the vector 𝑑 is the optical flow at 𝑠 i.e. 𝑑 =  𝑑𝑠  𝑑𝑖 
𝑇. So first of all we will 

be trying to find the residual pixel displacement vector making the residual flow vector 

𝑑𝐾 to minimize the error function 𝜖𝐾. This error function is used for image matching new 

image identical error function. This displacement vector of residual pixel is required 

during the computation of optical flow at level 𝐾. So [16]: 

𝜖𝐾(𝑑)𝐾 = 𝜖𝐾(𝑑𝑠
𝐾 , 𝑑𝑖

𝐾)

=   (𝑃𝐾 𝑠, 𝑖 − 𝐽𝐾(𝑠 + 𝑔𝑠
𝐾 + 𝑑𝑠

𝐾 , 𝑖 + 𝑔𝑖
𝐾

𝑎𝑖
𝐾 +𝑧𝑖

𝑖=𝑎𝑖
𝐾−𝑧𝑖

𝑎𝑠
𝐾+𝑧𝑠

𝑠=𝑎𝑠
𝐾−𝑧𝑠

+ 𝑑𝑖
𝐾))2 ……… [7]     

In equation [7] the optical flow initial guess 𝑔𝐾 at 𝐾𝑡  level is used for the pre-

translation of the image patch in the 𝑄 (the second image), where 𝑔𝐾 = [𝑔𝑠
𝐾  𝑔𝑖

𝐾]𝑇 . That is 

how the flow vector of residual 𝑑𝐾 = [𝑑𝑠
𝐾  𝑑𝑖

𝐾]𝑇is kept small and hence now it is easy to 

compute it in the incoming steps of Lucas Kanade algorithm [16].    

Now the algorithm is initialized by keeping the initial guess for level to zero and after 

getting the error function of residual flow vector and finest optical flow computation, the 

optical flow solution 𝑑 is received i.e. [16]: 

 

𝑑 = 𝑔0 + 𝑑0 =  2𝐾𝑑𝐾 ……… [8]

𝐾𝑚

𝐾=0
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From the above equation it can be observed that due to pyramidal implementation the 

pixel motion which can be handled is 𝑑max  𝑓𝑖𝑛𝑎𝑙  = (2𝐿𝑚 +1 − 1)keeping the integration 

window’s size relatively small. It is so because the elementary computation step can 

handle pixel motion up to 𝑑max   [16].  

Iterative optical flow computation 

The motivation behind this step is to look for the necessary iterations to reach to final 

convergence and get the final optical flow graph because at each level in the pyramid, the 

main object is to compute the vector that minimizes the matching function as given in 

equation [5]. In the initial steps of this part we get the displacement. To get the accurate 

solution we will perform iterations to get optimized optical flow graph.  

We discuss the operation at a general level defining the new images 𝐴 and 𝐵 i.e. 

𝐴(𝑠, 𝑖) = 𝑃𝐾(𝑠, 𝑖) and 𝐵(𝑠, 𝑖) = 𝑄(𝑠 + 𝑔𝑠
𝐾 , 𝑖 + 𝑔𝑖

𝐾). Here A is defined over (2𝑧𝑠 + 3) ∗

 2𝑧𝑖 + 3 window size. Let 𝑑𝐾 = 𝑚 = [𝑚𝑠 𝑚𝑖]
𝑇. In order to get the displacement vector 

first of all we take the partial derivate of matching function as defined for these new 

images i.e. [16]: 

𝜖𝐾(𝑑𝐾) =  𝜖(𝑑𝑠
𝐾 , 𝑑𝑖

𝐾) =   (𝐴 𝑠, 𝑖 − 𝐵(𝑠 + 𝑑𝑠 , 𝑖 + 𝑑𝑖))2

𝑎𝑖+𝑧𝑖

𝑖=𝑎𝑖−𝑧𝑖

……… [9]    

𝑎𝑠+𝑧𝑠

𝑠=𝑎𝑠−𝑧𝑠

 

The partial derivative of equation [9] will be [16]: 

𝜕𝜖(𝑚)

𝜕𝑚
= −2   (𝐴 𝑠, 𝑖 − 𝐵 𝑠 + 𝑑𝑠 , 𝑖 + 𝑑𝑖 )[

𝜕𝐵

𝜕𝑠
 
𝜕𝐵

𝜕𝑖
]

𝑎𝑖+𝑧𝑖

𝑖=𝑎𝑖−𝑧𝑖

……… [10]    

𝑎𝑠+𝑧𝑠

𝑠=𝑎𝑠−𝑧𝑠

 

Interpreting 𝐴 𝑠, 𝑖 − 𝐵 𝑠, 𝑖 as the temporal image derivate i.e. 𝛿𝐼 𝑠, 𝑖 = 𝐴 𝑠, 𝑖 −

𝐵 𝑠, 𝑖  and substituting 𝐵 𝑠 + 𝑑𝑠 , 𝑖 + 𝑑𝑖  from its first order Taylor expansion we will 

get [16] 
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1

2

𝜕𝜖(𝑚)

𝜕𝑚
≈   (∇𝑚T − 𝛿𝑃)∇𝑚T

𝑎𝑖+𝑧𝑖

𝑖=𝑎𝑖−𝑧𝑖

……… [11]    

𝑎𝑠+𝑧𝑠

𝑠=𝑎𝑠−𝑧𝑠

 

Where [
𝜕𝐵

𝜕𝑠
 
𝜕𝐵

𝜕𝑖
]𝑇 = ∇𝑚 

Here putting (∇𝑚T)2 = R and ∇𝑚T ∗ 𝛿P = T. Therefore equation [G] can be presented as 

[16]: 

𝑚𝑜𝑝𝑡 = 𝑅−1𝑇……… [12] 

To get the accurate solution it is now required to iterative this scheme multiple times. 

Now taking 𝐿 as iterative index and describing the algorithm recursively, we can say that 

at iterative 𝐿 − 1 we have received the initial guess for the pixel displacement 𝑛𝐿−1 =

[𝑛𝑠
𝐿−1 𝑛𝑖

𝐿−1]from iteration i.e. 1,2, …  , 𝐿 − 1. Supposing 𝐵𝐿 be the new translated image 

keeping the initial guess in our mind. Now equation [9] will become [16]: 

𝜖𝐾(𝑑𝐾) =  𝜖(𝑑𝑠
𝐾 , 𝑑𝑖

𝐾) =   (𝐴 𝑠, 𝑖 − 𝐵(𝑠 + 𝑛𝑠
𝐿−1, 𝑖 + 𝑛𝑖

𝐿−1))2

𝑎𝑖+𝑧𝑖

𝑖=𝑎𝑖−𝑧𝑖

……… [13]    

𝑎𝑠+𝑧𝑠

𝑠=𝑎𝑠−𝑧𝑠

 

Where 𝑛𝐿is the residual pixel motion vector which can easily be computed keeping all 

the steps from equations  𝐸 𝑡𝑜 [𝐻] i.e. 𝑛𝐿 = 𝑅−1𝑇𝐿. Now it can easily be observed that 

we need to compute 𝐵𝐿at each step because it gives us the difference between image 

patches after the translation by vector 𝑛𝐿. So if we are able to compute residual optical 

flow, the new pixel displacement guess 𝑚𝐿for the next step 𝐿 + 1 will be 𝑚𝐿 = 𝑚𝐿−1 +

𝑛𝐿. The iterative scheme will go on until the calculated pixel residual 𝑛𝐿is smaller than 

the threshold or the maximum iterative are undergone. Assuming that 𝐿 number of 

iterations are needed to reach the convergence then the optical flow vector’s final 

solution will be [16]: 
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𝑚 = 𝑑𝐾 = 𝑚𝐿 =  𝑛𝐿

𝐿

𝑙=1

……… [14] 

2.4.4. Algorithm 

The algorithm is as follow [16]: 

1. Find the location of specific pixel (u) in an image P with respect to the point v on 

the other image Q  

2. Build and initialize pyramid representation 

3. For each generic pyramidal level equal to pyramidal height, step down to 0 with 

step -1 

a. Find location v on image J of point u on image I 

b. for L=Lm down to 0 with step -1 

i. Find location of point u on image level A
L
 

ii. Find derivative of A
L 

with respect to x and y 

iii. Find Spatial gradient matrix 

iv. Initialize iterative Lucas Kanade  

v. for k = 1 to K (or until threshold is attained) 

• Find image difference and image mismatch vector 

• Find Optical Flow (Lucas-Kanade) 

• Guess for next iteration 

vi. End of for-loop on k 

vii. Final optical flow at level  L 
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viii. Guess for next level L-1 

c. End of for-loop on L 

d. Final optical flow vector in d 

e. Location of point on B 

f. The corresponding point is at v on image B 

2.4.5. Implementation on stereo images 

Let us take two examples of stereo images to explain optical flow extraction through 

Lucas Kanade extension algorithm. In figure 1, we study the motion between two images 

without having any other previous information about content of the images.  The motion 

in this example is also indicating that something motivating is going on. The figure 1 is 

showing us the impenetrable optical flow associating each pixel of image with a 

displacement vector. In the example, the motion of black ellipse on white background can 

be observed. The motion in the background pixels is not much but the foreground pixels 

can be observed clearly from figure 2. 

Optical flow graph is usually suffering of aperture problem arose in case of small 

windows or aperture in detecting the motion. The flow graph is calculated using the 

Lucas Kanade technique because of its reliance on local information which is obtained 

from tiny window neighboring of each interested point. In Lucas Kanade algorithm the 

Gaussian pyramidal approach was adopted. This approach starts tracking from image 

pyramid top level to down level, so it can track larger motion in images using local 

windows. Similarly the motion of rectangular box observed from pictures taken by 

horizontal motion of camera can also be seen in figure 2.   
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Figure 1: Optical flow graph of a boll moving in horizontal direction 

 

Figure 2: Optical flow graph of a box moving in horizontal direction 
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2.5. Grab Cut Technique 

2.5.1. Introduction 

C. Rother et al. proposed this method as an attempt to solve the difficulty of competent 

and interactive extraction of a foreground object from a complex surrounding. The aim 

was to take least interaction from the user to achieve good performance. The graph is 

used to represent the image to be segmented. The construction of the graph is made in the 

way that the best segmentation is produced from the least cutting cost on the graph. 

Graph nodes (or vertices) represent the pixels of the image. The cost function is defined 

from the graph edge weights; and this function depends on the properties of the region 

and the boundary of the pixels. This technique also provides a feature of the border 

matting to be used in the fuzzy areas of the image or the images having no clear 

boundaries. Grab cutting method is primarily used for the segmentation of 2-D images 

but it can be extended to 3 or even up to N-D data [4, 5, and 31]. 

2.5.2. Explanation  

This is the one of the promising technique used to segment an image. The working 

principle of the Grab Cut is that the user uses mouse to select two points which are the 

top-left and bottom-right vertices of the rectangle that encloses the image object to be 

segmented. Then the algorithm crops that area in the rectangle, and starts minimizing the 

cost function. Clearly if the points of the rectangle are inside the object to be segmented, 

then segmented area will not be the object of interest. So the points must be selected very 

carefully so that the object is precisely enclosed. The following main step will be taken to 

get the effective region segmentation from Grab Cut algorithm. 

o Initialization (selection of rectangle around user’s region of interest) 

o Learning the Gaussian Mixture Model components 

o Performing the Graph cut technique 
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Initialization 

In the start, a user initializes the Grab Cut procedure by selecting a rectangle around the 

object of his interest. All the pixels outside that rectangle will be marked as trimap-

background and similarly the pixels inside that rectangle will be the trimap-foreground 

pixels. Now the initiation of matte is done i.e. matte-background from the set of trimap-

background pixels and vice versa for matte-foreground. Now the Gaussian Mixture 

Models (GMM) will be initialized for these foreground and background pixels using the 

colors in each cluster [18].  

With the help of initialize matte, the components of GMM for the Matte-Foreground and 

Matte-Background regions will be created i.e. 2𝑃 GMM components are created and then 

the region is divided into 𝑃 pixel clusters. The colors in each pixel are used for the 

initialization of GMM components. Then eigen vectors of the color covariance matrix are 

generally used to find well separated cluster. Here the binary tree quantization algorithm 

given by Orchard and Bouman is used for GMM initialization [29]. The start of this 

algorithm is from all pixels in single cluster. The cluster is split in two parts using 

eigenvector of covariance matrix as the point of split. Now the eigenvalues of covariance 

matrix will be used to choose which of the resulting cluster are to split in the next move. 

The repetition of this procedure is done until we get the desired number of clusters and 

hence we will get the optimal solution for large cluster using Gaussian distribution [18]. 

Learning GMM components 

Now each pixel in the class of foreground will be assigned to most likely component of 

Gaussian in foreground GMM and same will be case with the pixels in the background 

class. After this step, the previously attained GMM are removed new GMM will be 

learned from set of pixels received in previous set.  These new Gaussian components will 

be created from new ones for each index pair of matte or component. During these 

learning steps there will be changes in the matte values. So now some of the pixels from 

the matte background will come to matte foreground and vice versa and hence we will 
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receive the GMM update to show the color distribution of new foreground as well as 

background [18]. 

Performing the Graph Cut Technique 

In this step, a graph will be build in order to use Graph Cut technique. For Graph Cut, 

there is a node for each pixel and one special foreground node and similarly one 

background node. Links will be the name of two edges joining these nodes i.e. N-link and 

T-link. The description of the penalty of placing a boundary for segmentation between 

the surrounding pixels is use to be done using these links. It is desirable to have this 

penalty very high in the low gradient regions and vice versa. 

N-link is meant to connect eight-neighborhood. The weights of N-links remain constant 

throughout Grab Cut algorithm, so they can be computed for once and again reused.  The 

appropriate link weigh between pixel 𝑠 and a pixel 𝑖 in its eight-neighborhood is [18]: 

𝑁 𝑠, 𝑖 =
𝛾

𝑑𝑖𝑠𝑡(𝑠, 𝑖)
𝑒−𝛽 ||𝑘𝑠−𝑘𝑖||2

……… [15] 

Where 𝑘𝑠is the color of pixel 𝑠, 𝛾 = 50, and 𝛽 =
1

2<||𝑘𝑠−𝑘𝑖||2>
 

While foreground and background nodes are connected to each pixel using the T-link. In 

Grab cut algorithm this probability is contained in the Gaussian Mixture Models. So T-

link is use to be updated at every iteration due to change of probabilities. In this 

algorithm, two T-links are there for each pixel. The foreground T-link use to connect the 

pixel to the foreground node and same is the case with the background T-link which 

connects the pixel to background node and the weight of these links is dependent on the 

trimap state. With the user indication that the specific pixel is either foreground or 

background, the algorithm use to weight the links to force the pixel into the groups 

defined by the user. For the unknown, the GMM gained probabilities are used for setting 

up the weights. The T-link weights for pixel 𝑠 can be either of these cases. If 𝑠 belong to 

Trimap foreground then it’s background T-link will be zero and its foreground T-link will 
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be 𝐿(𝑠). If 𝑠 belongs to Trimap-background than its background T-link will be 𝐿(𝑠)and 

similarly its foreground T-Link will be zero. In case if 𝑠 belongs to Trimap unknown then 

it’s background T-link will be 𝐷𝐹𝑜𝑟𝑒 (𝑠) and similarly its foreground T-link will be 

𝐷𝐵𝑎𝑐𝑘 (𝑠). In case of forcing the pixel s to become a member of either the back or 

foreground according to user wish, then the choice will be 𝐿 𝑠 >  𝑁(𝑠, 𝑖)𝑖 , where the 

sum is over all pixels surrounding 𝑠. In case of maximizing equation (K), for an eight-

neighborhood, the choice will be  𝑠 = 8𝛾 + 1 . Where 𝐷𝐵𝑎𝑐𝑘  and 𝐷𝐹𝑜𝑟𝑒  are functions of 

the cases when the pixels is meant to belong to background and foreground GMM 

respectively. For pixel 𝑠 they can be computed as [18]: 

𝐷 𝑠 = −𝑙𝑜𝑔  𝜋𝑖

𝐾

𝑚=1

1

 det Σm

𝑒(−
1
2

[𝑧𝑠−𝑢𝑚 ]Σm
−1[𝑧𝑠−𝑢𝑚 ]) ……… [16] 

Here the summation is over Gaussian components of background for 𝐷𝐵𝑎𝑐𝑘   and similarly 

for Gaussian components of foreground for 𝐷𝐹𝑜𝑟𝑒 . 

Summary 

The summary of Grab Cut algorithm is as follow [18]: 

1. An initial trimap is created using user defined rectangle around the region of 

interest. Pixel in and outside the rectangle are marked as unknown and 

background pixels respectively.  

2. Initial segmentation is done by placing all unknown pixels in the foreground class 

and background pixels in background class respectively. 

3. GMM components are created for initial back and foreground classes. 

4. Each pixel in foreground and background class is assigned to the most likely 

Gaussian component in foreground and background class respectively. 

5. After the learning of new GMMs from the set of pixels created in previous sets, 

the old GMMs are removed. 
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6. A graph is created and a Graph Cut is run in order to located the new back and 

foreground classification of pixels.  

7. Steps from step 4 to 6 are repeated until convergence of the classification. 

2.5.3. Implementation of Graph Cut 

Now let’s take couple of examples to demonstrate the results of Grab Cut algorithm. In 

figure 3 we can see a deer standing in front of a natural scene. Grab Cut technique will 

help us to extract the dear from this figure. Figure 4 is the output after applying the Grab 

Cut algorithm. The user selects the object to be segmented using mouse, and the 

algorithm proceeds to segment the image using minimum cut cost method. The pixels in 

the original image are symbolized by nodes. The graph weight edges are then given as 

cost function. This cost function is dependent on properties of pixel boundaries of the 

image. The minimum cut or maximum flow algorithm is used for the purpose of energy 

minimization. After minimization of energy the result is the extraction of deer from the 

rest of the image. Similarly the segmented object of horse can be seen using Grab Cut 

algorithm on figure 5. 

 

Figure 3: A deer standing in front of mountains 
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Figure 4: Result of Grab Cut algorithm of deer standing in front of mountains 

 

Figure 5: Horse standing in a field 
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Figure 6: Result of Grab Cut algorithm of horse standing in a field 
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3 PROBLEM STATEMENT AND MAIN CONTRIBUTIONS 

ecent progress in imaging technology has caused the economic feasibility for 

achieving several dynamic scenes synchronized videos of real world. This media 

modality is being used in the area of 3D TV. Although in this matter, a spare camera set 

can be used but the amount of output data will be terrific. In uncompressed form, the 

expenditure of data will be same as that of single stream of video per footage taken by 

camera. Hence it seems to be impossible for available bandwidth and DVD storage 

capabilities to handle this media in uncompressed form. The standard video compression 

techniques cannot fulfill the need of bandwidth in several video recordings of similar 

object.  

The challenges faced by the researches for the broadcast of 3D TV are to overcome these 

data compression issues. As none of the standard data compression techniques and 

previously accomplished researches in this field were able to produce efficient result for 

the sake of broadcasting for three dimensional TV. 

In this thesis we have done detailed study on 3D TV and data compression. Moreover we 

also did some study on techniques of motion detection and concerned region 

segmentation. Based on gained knowledge, a new technique has been proposed for the 

extraction of foreground from its background from pair of stereo images. During 

broadcast, the extracted background will be sent at a time and the foreground will be 

broadcasted continuously. In this way, this technique can be used to achieve handsome 

data compression ratio; and thus compressed data will be transmitted on the available 

bandwidth. We have proposed and implemented an effective, efficient, and generic 

algorithm for the extraction of foreground from its background. This technique is based 

on the methods of motion detection and concerned region segmentation. 

R 
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4 PROBLEM SOLUTION 

n this chapter, new foreground extraction technique for pairs of stereo images is 

presented. This chapter is composed of three subsections to acquire the solutions of 

the problems stated previous chapter. The flow chart in figure 7 will be followed for the 

effective extraction of foreground region from its background. The subsections are based 

on the following topics 

o Observation of motion in pair of stereo images 

o Separate identification of foreground and background 

o Extraction of foreground 

4.1. Observation of Motion in Pair of Stereo Images 

The starting part of this phase is based on having a pair of stereo images or a pair of 

rectified images from a convergence stereo camera system. Figures 9, 11, 13, 15, 17, 19, 

21 and 23 show such a pair of stereo images.  

After getting the input, the algorithm will proceed towards the observation of motion in 

pair of stereo images. In stereo images objects closer to the camera have greater motion 

than objects far away from them. To improve the speed of computation in motion 

detection using Lucas Kanade optical flow, it is possible to detection the motion of the 

corners. The corners are detected in sub-pixel level. The Gaussian pyramidal Lucas 

Kanade approach is used for the corner detection of large motion using local windows. 

The information of corner tracking sub-pixels level led us towards the extraction of 

optical flow graph which is used for assessment of motion between pair of stereo images. 

The optical flow graph associates displacement (velocity) vector to represent the 

movement of a pixel from its original location. To overcome the problems of large 

motion in Lucas Kanade method, we have tracked larger spatial scales with an image 

pyramid and then refined the assumptions of initial motion velocity through top to down 

I 



 

25 

 

approach of image pyramid to get raw pixels of images. Thus optimized optical flow 

graph is derived at the upper most layers and the resulting estimate of motion is done 

using initial point for incoming layer down. Hence the violation of motion assumptions is 

minimized for quick and efficient tracking of larger motion. 

So with the help of Pyramidal Lucas Kanade implementation, we have now received an 

optical flow graph of the motion of objects in the pair of stereo images. Now with the 

help of this graph, we are able to observe the direction of motion of the objects in the 

stereo pair of images. In our thesis, we have worked only for the parallel motion i.e. the 

extraction of the foreground is only able to be received from stereo images having 

parallel motion in them. Moreover it is also helpful to study and optimize the effects of 

different factors like the distance of foreground from camera, multiple objects in the same 

plane of the foreground, minimum distance required between foreground and background 

for their separate identification, number of objects and environment of the pair of stereo 

images. These factors will be discussed in later part of this report.  

The other important thing is that this graph will be helpful for us in the separate 

identification of the foreground object from its background and thus we will be able to 

give the foreground pixels to the image segmentation technique so that it can extract the 

foreground object for us.  

4.2. Separate Identification of Foreground and Background 

In this step, the foreground is separately identified from its background. The purpose of 

doing this is to extract foreground from its background. For example if a car moving in a 

stereo image pair, this will be of more interesting than the parked cars in same pair.  

Generally an image might have different layers depending the objects distances from the 

camera. A foreground object can be marked as a positive object and the background 

model will contain no foreground object.  



 

26 

 

 

Figure 7: Flow chart of the designed algorithm 
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This way our background model can be updated. To identify foreground and background 

separately, proper definition of foreground is required. Usually the background is a 

weakly defined perception which differs by applications. For example if highway is being 

watched, then the traffic flow is considered as background. In stereo images, the 

background is taken as any periodically moving or static parts of a scene which remains 

periodic or same (static) over the period of interest. In this thesis different environments 

like indoor, outdoor, rural and urban are considered to properly understand the difference 

between foreground and background. It is observed that those objects which are in 

motion and close to the lens of camera have noticeable Lucas Kanade optical flow as 

compared to those objects which are in background. So with this separate identification 

of foreground and background, the motion of the foreground region is retrieved using 

simple algorithm designed in this research work. In this technique we have scanned the 

optimized Lucas Kanade flow graph, image row and column wise separately. In doing so 

the differences in the intensities levels of both regions were saved. After scanning the 

whole optimized graph we will be able to identify the noticeable motion of foreground 

from its background. This information will be help to have the pairs of rows and columns 

(r, c) ready to pass to the foreground extraction algorithm. But for more complex images, 

it will not be an easy task for our technique to actually grab the sharp boundary points 

around the image, and hence the algorithm for extraction of foreground couldn’t find a 

proper object. But nevertheless we could find some points around the objects where 

results were satisfactory. With the limitations and good points of the above technique, we 

came across another idea; that should start searching for the boundary points of the object 

starting from the center of the binary image rather that scanning each row and column. 

This approach is similar to that of gravity location method. This idea proved much 

helpful and practical. The idea was to save the central part of image (let’s suppose central 

5x5 pixel region) in a window, and start expanding and moving this window in all four 

directions by increment of 5 pixels. Doing this we actually grab the optimized flow graph 

of Lucas Kanade, and as soon as we find some good boundaries of a certain object, we 

stop expanding the window (stoppage criteria uses a threshold value). Now we have a 

rectangle around the image, we are ready to move to the extraction of foreground.  
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Figure 8: Morphological closing operation: the extraction of foreground (moving car) from 

pair of stereo images 

 



 

29 

 

We now put that window’s central point exactly on the center point of the binary image, 

and calculate the left top and right bottom points to be used for the algorithm for the 

extraction of foreground from its background in the third phase of this chapter. 

We also propose that another type of technique based on scanning the binary image by 

using window method. That technique shouldn’t need a start from the center of the 

image, but it can use a fixed size and scan whole image. This technique seems to be the 

extension of the basic row and column method. 

Hence this noticeable motion of foreground with respect to its background will lead us 

towards an attempt to extract for the extraction of foreground object from its respective 

background. These grabbed points are used as input to an object extraction technique.  

Stereo images having lots of objects will increase the complexity; because of having 

almost equal motion in all of their pixels. The proposed method will face difficulties in 

the extraction of foreground from its respective background for this type of images but if 

the algorithm is apply for few more iterations it will be able to extract the concerned 

object effectively. 

4.3. Extraction of Foreground 

In this phase, the proposed algorithm will extract the identified foreground from its 

background. For the extraction of our concerned region we need to locate two points of 

the moved object from input images. These points will then be passed to the foreground 

extraction technique to perform its part in our research. We have modified our algorithm 

in such a way that along with detection of foreground, it will give us two points of final 

position of the foreground after its motion from initial location. These points will consist 

of two coordinates from each horizontal and vertical axis of the foreground’s final state. 

The two selected coordinates are sent as input to the Grab Cut technique. The grab cut 

technique uses this input to make a virtual rectangle around the region of interest. The 

pixels inside this rectangular region will be marked as unknown and other pixels which 
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do not come inside this rectangle will be known as the background region. The algorithm 

will do the initial extraction from all pixels cautiously placed in the class known as 

foreground class. The background class pixels will leave alone without any additional 

effort. The GMM’s will be created for the proper division of background and foreground 

class with the help of clustering algorithm given by Orchard and Bouman as discussed in 

section 2.5.2. The foreground and background pixels will be labeled as the component of 

most probable GMM in foreground and background GMM respectively. The GMM will 

be removed after labeling process and the new ones will be taken from set of pixels 

created in earlier set. As a result of this procedure the proposed technique will be able to 

extract the foreground effectively from its background. Figure 8 is showing a 

morphological closing operation: the extraction of foreground (moving car) from pair of 

stereo images 
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Figure 9: Stereo images of a car moving in front of parked cars on a road 

 

Figure 10: Extracted foreground (moving car) of stereo images of a car moving in front of 

parked cars on a road 

 

A B
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Figure 11: Stereo images of tower in front of a hotel 

 

 

Figure 12: Extracted foreground (tour) of stereo images of tower in front of a hotel 

A B
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Figure 13: Stereo images a statue on a stand 

 

Figure 14: Extracted foreground (statue) of stereo images a statue on a stand 

 

BA



 

34 

 

 

Figure 15: Stereo images of a bee of flowers in a garden 

 

Figure 16: Extracted foreground (bee) of stereo images of a bee of flowers in a garden 

 

 

A B
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Figure 17: Stereo images of a guy standing in front of poster 

 

Figure 18: Extracted foreground (guy) of stereo images of a guy standing in front of poster 

 

A B
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4.4. Important Factors to be discussed  

The key points considered are the size, number of background layers (complexity of 

stereo pair of input) and motion in input stereo images. Moreover the distance of 

foreground from camera and background, multiple objects in foreground at same plane, 

number of objects in foreground and background in a pair of images are also important to 

be discussed. These factors have noticeable influence on performance of the proposed 

algorithm. So it is better to discuss them in some detail for a better understanding of this. 

The factors to be discussed are: 

o Distance of Foreground from Camera  

o Multiple foreground objects in same plane 

o Distance of Foreground from Background 

o Number of objects in an image 

o Environment of an image 

4.4.1. Distance of Foreground from Camera  

The distance of foreground from capturing cameras is very important factor among all 

these factors; other noticeable factor is the size of the object. The important issue here is 

to keep the distance of the foreground in such a way that the picture covers the whole 

object. For example if the size of the object is about 6𝑥1 meters then the image taken 

from one meter can cover the whole object. Similarly if the image of the same object is 

taken from ten meters it will cover some more information than the image taken from one 

meter but the size of foreground will be compromised in this case. A tiny or small 

foreground will be hard to capture with the help of this algorithm. So the main thing is to 

capture foreground in such a way that it should appear properly or a viewer can 

differentiate the foreground from its background.  

Another important factor is the relationship between two cameras capturing the stereo 

pair of images and foreground object. The foreground object should be at distance 

30 𝑡𝑜 40 times of the base line i.e. distance between the capturing cameras.  
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Figure 19: Stereo pair of Images taken from a distance of 1 meter and the results produced 
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Figure 20: Stereo pair of Images taken from a distance of 5 meters and the results produced 
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Figure 21: Stereo pair of Images taken from a distance of 12 meters and the results 
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This relationship is also very important to perceive 3D effects. So here we have taken the 

objects far from this relation as the background objects. The baseline in the figures from 

19 - 21 is about 8 inches. We have kept this baseline relationship in these figures so that 

we can not only extract the foreground objects but also preserve the 3D effects. 

The figures 19, 20 and 21 support our comments on this factor. In this an example of a 

stereo image pair is taken from a distance of one meter. In this case the foreground was 

clearly visible and there was also some information about the background. The clear 

visibility of foreground will be helpful to produce satisfactory results as output. However 

when the stereo pair of images of the same foreground is taken from a distance of five 

and twelve meters respectively, more background was added as compared to that of taken 

from a distance of one meter. As a result, the result was not as satisfactory as that of first 

one. The results of these scenarios can be observed from figures 19, 20 and 21.  From 

these examples, it can be observed that the distance of foreground from the capturing 

cameras should be kept in such a ratio, that suitable information about the foreground can 

be received from these pairs. This information is helpful in identification and separation 

of foreground from its background.  

4.4.2. Multiple Foreground Objects in the Same Plane 

Another important factor which needed to be discussed is: stereo pair of images having 

more than one object in the same plane. As layered pyramidal Lucas Kanade model is 

being followed; if found more than one object in a single layer it will proceed towards the 

basic definitions used here for the differentiation of foreground from its background i.e. 

“objects  which  are  in motion  and  close  to  the  lens  of  camera  have  noticeable  

Lucas Kanade  optical  flow  as compared to those objects which are in background”. So 

in case of having different objects in the same plane of foreground, the optical flow graph 

of all these objects will be same as compared to all the objects in the background. So the 

algorithm segments all the objects in the same plane and leaving all other objects. 

Moreover it is also a difficult task to detect a single foreground object (of the interest of 

the user) out of all other objects without taking views or input from the user and this was 
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not the purpose of our research work to point out a specific object out of the foreground 

objects.  

In cases when there is some background in between the foreground objects in the same 

plan, then the output can be any of those objects dependent on the side of the motion of 

camera and layered pyramidal Lucas Kanade optical flow graph.  

The example of these types of situations can be observed using figure 22. In this example 

we have three statues in same axel plane recognized as foreground by our algorithm. As 

these three statues will be in same layer of layered model of pyramidal Lucas Kanade 

optical flow graph, moreover they will have the same flow as compared to that of 

background objects. So as a result; the background building and rest of environment will 

be discarded.  

4.4.3. Distance between Foreground and Background 

The other interesting factor is the distance between the foreground and the background 

region. The important thing in this factor is already discussed under topic of having 

multiple objects in the same foreground plan. To differentiate the foreground region from 

its background it is important that there must be significant distance otherwise the 

proposed algorithm will detect some objects in the background as part of foreground and 

respectively give us the output. Moreover it is also interesting to know that we only need 

minimum separation between foreground and background. This separation can be of any 

distance (depending on the size of the objects). As in case when the foreground and 

background is considered to be on the same layer, the proposed algorithm will look if 

there is still separation of motion between these objects keeping the layered pyramidal 

model Lucas Kanade in minds. This difference in motion of the object will lead the 

algorithm towards producing excellent results with any kind of separation between 

foreground and background.   
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Figure 22: Stereo pair of three statues in same plane and the generated result 
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For instance, figure 23 can be taken as good example to understand this type of 

situations. In the stereo pair of images, it can be seen that the distance between the 

swimmer and the fish is about 30 inches but the separation between the yellow object in 

his hand from the fish is less than 5 inches. In this kind of separation, the objects will 

appear on the same layer. In this example our algorithm is efficiently differentiating the 

fish from the swimmer as well as the objects in his hand. Similarly the distance between 

the white forehead skull and the lamp giving light to white head statue is very little as 

shown in figure 24. But our algorithm is extracting the lamp without having any part of 

statue in it. 

4.4.4. Number of Objects in an Image 

The number of objects is another factor which can affect the time taken for the 

simulations to run and produce the results. In images having large number of objects, 

there will be increment in the number of layers needed to be searched for the objects, 

using the layered pyramidal approach for the Lucas Kanade optical flow graph method. 

This approach will take more time in case when there are more objects in its top layer. 

After finding objects in the different layers the main object will be to differentiate the 

motions of the objects in these layers. So this whole operation i.e. finding the objects in 

layers, finding their respective motion, and taking out the most dominant motion of all, 

will take some time for the simulations to produce the results. The number of objects will 

not affect the quality of result of the proposed algorithm but it will surely have some 

affect on the time consumption of simulation to work and produce the required results.  

In the figure 25 there are many objects, so there will be many layers retrieved and after 

the comparison of motion of the objects in these layers, our algorithm will produce the 

expected foreground as its result. In this case there will be four layers. Our algorithm will 

search the motion of the objects in these layers and then find out the most noticeable 

motion received from the optical flow graph. The focus will be the tree nearest to the 

camera. 
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Figure 23: Stereo pair of fish with a swimmer and the result received 
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Figure 24: Stereo pair of a lamp in front of white statue of head and the generated result 
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Figure 25: Stereo pair of trees in a garden and their respective result 
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Figure 26: Stereo pair of rocks in a desert and the generated result 
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Figure 27: Stereo pair of a cycle in front of house and the retrieved result 
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4.4.5. Environment 

Another factor which needed to be discussed here is the environment of the stereo pair 

images, whether the specific environments affects the results produced by the proposed 

algorithm or not. To observe the results, stereo images of different environments were 

taken i.e. indoor, outdoor urban and rural, marine, and desert environments. In different 

kinds of environments, object was to deal with different types of light impacts, different 

objects and other characteristics. With the help of optimized optical flow graph and grab 

cut algorithm, our algorithm is quite able to work with any kind of environment.  

The example in figure 26 is taken from Mars view having many rocks in it. Figure 27 is 

captured from house outdoor having sunlight in it. The results from all the environments 

are quite satisfactory. Therefore this technique is not image environment dependent. 
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5 PERFORMANCE EVALUATION 

ur implementation has performed the effective extraction of the foreground (region 

of our interest) from its background in order to be used for the achievement of 

noticeable data compression in field of 3D TV. Both subjective and experimental results 

were used for assessment of quality of the results attained. With experiments on more 

than six dozen of stereo pairs of images, the results have proved that foreground region is 

efficiently extracted. So we are successful in getting the solution of problem addressed in 

the chapter of research question and problem statement.  

The key points for the proposed scheme are the size, number of background layers 

(complexity of stereo pair of input) and motion in input stereo images. With the 

increment in size, complexity of background, and amount of motion, this technique will 

produce results after some more iterations as compare to that of usual. In simple images, 

it takes very few seconds to produce the output and but for complex images, this time 

period can go to few minutes. Our algorithm was running on AMD Sempron 2.12 MHz 

processor with 512 KB cache, 2GB RAM and it was coded in Matlab 2009.  

Figure 28 shows the graphical view of the results received from dozens of pairs of stereo 

images. The stereo pairs were divided with respect to the complexity in images and 

distance of the foreground region from camera. The results were graded from 0 to 10. 

The normal distance is from 0 to 5 meter and large distance is from 6 to 10 meter. The 

specification of our digital camera ware 10.0 Mega pixels with 3𝑥 optical zoom 

capabilities and the baseline of our cameras capturing the stereo pair of images were 8 

inches. The complexity is measured in term of five factors as discussed in the problem 

solution chapter. The number of objects, number of foreground objects in same plan, and 

different lighting preferences are used to judge the complexity in an image. The 

percentage of results shows us that normal distance and less complexity will be helpful is 

getting highly fruitful results. We are also getting the most impressive results from stereo 

images taken from rural environment. However other important factors affecting our 

O 
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results are number of objects and distance of images from camera. With the increment in 

either complexity or distance of foreground from camera will affect on the fine extraction 

of foreground. Overall our results are quite promising and we did not received 

undesirable complaints from any of our judges regarding the results of our algorithm. 

 

Figure 28: Bar graph of performance evaluation of our proposed technique in different 

environments, complexities and distance of foreground from camera 

Figure 29 shows the graph of error versus distance in between foreground and the camera 

position. The error is defined as: 𝑒𝑟𝑟𝑜𝑟 = 𝑎𝑏𝑠(
𝑁−𝑃1

𝑁
) 

where 𝑁 is the number of pixels in the foreground object in ideal case, i.e. the object 

obtained by separating it very carefully from the background and 𝑃1 is the number of 

pixels in the foreground segmented using the proposed technique. In ideal case the error 

should be zero, if 𝑁 < 𝑃1, the object is said to be over-segmented, if 𝑁 > 𝑃1, the object 

is said to be under-segmented. It can be seen that, when the distance increases, the error 

increases. The error is in some suitable bounds when the distance in between 3 and 9 
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meters, after that distance the error increases rapidly. This is because of the fact that 

when we are using either grab-cut or the proposed algorithm, those algorithms don’t do 

any excessive work after cropping the object in the window, that is why much portion of 

the background is included in the segmented object, and the object becomes over-

segmented. 

 

Figure 29: Error vs. Distance graph 
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6 CONCLUSION 

n this report we have tried to provide innovative information about achieving data 

compression techniques for the sake of 3D TV. Moreover other famous object 

extraction (for still images) and optical flow detection techniques (for pair of stereo 

images) were also brought under discussion. We have developed an innovative approach 

towards the extraction of foreground from its background. This approach can be used to 

get the data compression for 3D TV. In this approach the main emphasis was on visual 

pattern modeling complexity, perception ambiguities and motion of objects of the images 

because our intension were to initially differentiate foreground from its back ground and 

then perform its extraction.  

Here Lucas Kanade technique was applied for the extractions of optical flow graph and 

then Grab Cut technique is used to automatically extract the region defined as foreground 

from the pair of stereo images. Due to the nonparametric aspect of our formulation, this 

proposed technique can automatically detect the foreground in pair of stereo images and 

extract it out to be used for further purposes. Unfortunately we were not able to find any 

other technique performing the same task and producing quality results as of our 

technique. The developed technique has been tested with enough pairs of stereo images 

of different environments and satisfactory results were achieved. The reliability and 

consistency of this method was also tested.  The results on real as well as synthetic 

images are demonstration of the proof that our technique will solve the challenging 

problems in achieving very handful data compression in the field of 3D TV. 
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7 FUTURE WORK 

D TV is an active area of research from last decade.  In image processing techniques, 

this area is one of the toughest but highly demanding one. Our work on detection and 

extraction of foreground from its background can be helpful in many image processing 

applications like computer vision, robotics vision, character recognition, space research 

and medical imaging etc.  

In future, the research efforts will be towards using this technique to get data 

compression from 3D TV broadcast. The plans are to record a short timing movie. After 

this process the extraction of foreground will be performed and then extracted part will be 

sent to broadcast to some user. After broadcast, the data will be uncompressed and then 

sent to the 3D TV terminal. In this lively scenario, any good coding technique will be 

truly tested for its efficiency. The successful completion of the tests will lead us towards 

live broadcasting in scenarios of 3D TV. These results will make the possibility of 

improvements in our proposed technique. We are hopeful that fruitful results of this 

technique will be helpful for achieving noticeable compression for the broadcast of 3D 

TV. 
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