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ABSTRACT 

 

EFFICIENT MULTI-VIEW VIDEO CODING SCHEME BASED ON 

DYNAMIC VIDEO OBJECT SEGMENTATION 

 

Publication No. ______ 

 

Xiaohui Wei, PhD. 

 

The University of Texas at Arlington, 2007 

 

Supervising Professor:  Ishfaq Ahmad  

Multi-view video, which simultaneously acquires multiple video sequences 

from multiple viewpoints or view directions, is poised to become the next generation 

video technology. Exploiting redundancy is the hallmark of traditional video coding but 

is even more essential in multi-view video coding (MVC) where the data size is 

extremely large. The exploitation of additional redundancies, however, incurs extra 

computational overhead, thereby counteracting the benefits gained from coding 

efficiency. This dissertation proposes an efficient MVC scheme that provides a 

complete encoding solution with low complexity. This includes exploitation of inter- 

and intra-view redundancies for achieving high coding efficiency, and exploitation of 
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inter-view and temporal domain coded information for lowering the coding complexity. 

In order to be compatible with single-view applications, a multi-view scene typically 

consists of at least one base view (BV) and multiple enhancement views (EVs). The 

proposed encoding scheme first segments the pre-encoded BV into objects and 

background using a proposed fast segmentation technique with low overhead. Next, it 

generates the initial disparity maps (DM) of each object and background as well as 

initial inter-view prediction frame for each EV using an object registration and warping 

algorithm. With this initial DM, fast EV coding can be realized by using the coded 

information in BV. This approach has several advantages: First, the DMs for EVs are 

refined based on the initial DM within small search range. Second, disparity vectors 

(DVs) are differentially encoded with respect to the initial DV, which leads to bit-rate 

savings and reduced computational complexity. Third, in addition to block-based 

disparity compensated prediction, one more inter-view prediction is provided, which 

enhances accuracy with low encoding overhead. Fourth, guided by the initial DM, the 

motion vectors (MVs) of the EV are predicted from the MV field of the BV, which 

leads to lower complexity motion estimation. Another contribution of this work is an 

efficient frame-based segmentation algorithm for MVC. The algorithm combines the 

intensity of the reconstructed frame and MVs obtained from the pre-encoded base view 

in MVC to segment objects in fast turnaround time. The proposed segmentation, object 

warping and registration methodologies, collectively provide a complete compression 

scheme.
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CHAPTER 1 

INTRODUCTION 

 

1.1 Multi-view Video System Overview 

The ultimate goal for future telecommunications is highly effective 

interpersonal information exchange. Present video communication systems provide a 

fixed view of the other scene and therefore do not give the feeling of actually being 

present [59]. Convergence of technologies from computer graphics, computer vision, 

multimedia single processing, telecommunications, broadcasting, and related fields 

enables the development of applications that significantly extend the sensation of 

classical single view video [4]. One important feature of future television and 

communications will be interactivity with stereoscopic and 3-D vision, which will give 

the viewer a better feeling of “being present in the scene,” and allow the viewer to be 

active in some way instead of just being a passive consumer. Therefore, multi-view 

video is poised to become the next generation high-performance video [37]. 

A multi-view video system is a system that simultaneously acquires multiple 

video sequences from more than one viewpoint or view directions, processes the 

multiple videos and displays 3D view for viewers at multiple locations. The objective of 

a multi-view video system is to provide interactivity for viewers and to provide survey 
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and natural visual perception of the scene. The main applications for multi-view video 

system include the following [2], [6]: 

• Free viewpoint video: In this kind of application, the viewpoint and view direction 

can be interactively changed to ones, which may be different from any of the input 

ones. This kind of application includes 

i. Entertainment – concerts, sports, multi-user games, movies 

ii. Education – cultural archives, manuals with actual video, instruction 

in playing sports, surgery 

iii. Sightseeing – zoos, aquariums, botanical gardens, museums. 

iv. Video Surveillance – traffic intersections, underground parking lots, 

banks. 

v. Archive – space archive, living national treasures, traditional 

entertainment 

vi. Art/Content – creation of new type of media art and digital content. 

• 3D TV: In this kind of applications, multiple cameras are used to capture the light 

field of the scene, so that multiple viewers can see different stereoscopic views 

consistent with their relative locations. 

One example of 3DTV system is shown in Figure 1.1 [6]. Input videos are 

multi-view videos. They are captured by several types of multiple cameras such as 1D 

parallel, 2D parallel, 1D arc and so on. The multi-view video encoder encodes and 

transmits these videos through the channel. End-users may have different types of 
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displays such as 2D SDTV (Standard Definition television)/HDTV (High Definition 

television), stereo TV, and 3DTV which support multi-views. 

VIEW-1

VIEW-2

VIEW-3

-

-

-

-

-

VIEW-N

TV/HDTV

3DTV

Stereo system
Channel

MultiMulti--viewview
videovideo
encoderencoder

MultiMulti--viewview
videovideo
decoderdecoder

Multi-view

VIEW-1

VIEW-2

VIEW-3

-

-

-

-

-

VIEW-N

TV/HDTV

3DTV

Stereo system
Channel

MultiMulti--viewview
videovideo
encoderencoder

MultiMulti--viewview
videovideo
decoderdecoder

Multi-view

 
Figure 1.1 Example of 3DTV system [6]. 

• Immersive videoconferencing: The applications above provide interactivity only 

between the viewers and the video content, but not between the viewers themselves. In 

this kind of application, participants at different geographical sites meet virtually and 

see one another in either free viewpoint or 3DTV style, with the interaction between 

participants.  

Since multi-view video is a new and widely applicable research area, and many 

problems are still improperly solved, it attracts significant research interest. Many 

efforts on multi-view video-related research are being conducted by research groups 

worldwide. In Europe, there are several projects on this field. Digital Stereoscopic 

Imaging and Application (DISTIMA) [17] is a European research project in the areas of 
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production, presentation, coding and transmission of digital stereoscopic video signals 

over Integrated Broadband Communications Networks, it started in 1992, and ended in 

1995. The purpose of DISTIMA is to develop efficient compression methods for 

stereoscopic video. Package for New OpeRational Autostereoscopic Multi-view System 

(PANORAMA) [62], [63] is another European research project in the areas of hardware 

and software development for a multi-viewpoint autostereoscopic system, with the goal 

of actual use in telecommunications. It was started right after DISTIMA in 1995 and 

ended in 1998. The objective of the PANORAMA project is to overcome the limitations 

in efficient communication that aims at telepresence. This objective was realized by 

enhancing and testing application systems for the capture, coding, transmission and 

presentation of multi-view camera signals, based on the special software and hardware 

to be built in the project. Advanced Three-dimensional TElevision System Technology 

(ATTEST) [1], [67] was a project started in 2002 and ended in 2004. ATTEST is to 

design an entire 3D-video chain including content creation, coding, transmission and 

display. In this project, research into human 3D perception plays a central role. In an 

iterative user-centered design cycle, feedback will be given to all individual parts in the 

video chain to enable an overall optimization of the system. There are some famous 

research groups working on systems related multi-view video, such as Mitsubishi 

Electric Research Laboratories (MERL) [51], the Computer Vision Lab at Carnegie 

Mellon University (CMU) and Kyoto University (KyotoU) in Japan, and the Blue-c 

project at Eidgenössische Technische Hochschule Zürich in Switzerland (ETH) [24]. 

 



 

 5

1.2 Multi-view Video System Architectures 

A multi-view video system consists of three main parts: acquisition, processing 

and display. Acquisition component captures videos from multiple cameras, and obtains 

the parameters of the acquisition. The processing part analyzes the acquired data, 

extracts features of the data and compresses the data for transmission and storage. The 

display part reconstructs the 2D/3D display depending on the device used by the viewer. 

Novel views may be synthesized from the multiple videos. According to different 

environments and requirements, a multi-view video system can be realized with 

different architectures, as shown in Figure 1.2, 1.3, 1.4 and 1.5. 
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Figure 1.2 Distributed Acquisition and Distributed Viewers model (DADV). 
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Figure 1.3 Local Acquisition and Local Viewers model (Saito’s model [68]) (LALV). 
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Figure 1.4 Distributed Acquisition and Local Viewers model (DALV) 
(Heinrich-Hertz-Institute model [56], [77], [78]). 
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Figure 1.5 Local Acquisition and Distributed Viewers model (UCF model [30]) 
 (LADV). 

In general, multi-view video can be generated by two approaches: model-based 

and image/video-based. The model-based approach generates 3D views with the help of 

a 3D scene model extracted from multi-view video acquired from sparsely-arranged 

cameras [10], [21], [41], [71], [73], [77], [78]. The advantage of the model-based 

approach is that only a few cameras are required. A major drawback to this approach, 

however, is the high algorithmic complexity for content creation, especially in a 

dynamic environment with multiple moving objects. The process of extracting and 

creating accurate models is still too difficult for the state-of-art techniques, which 

makes the approach unsuitable for real-time applications. The image/video based 

approach creates new views by rendering/interpolation from available views captured 

from densely arranged cameras, avoiding the need to extract complicated scene models 
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[10], [21], [34], [41], [69], [91]. It can be applied in a wider range of applications. 

Therefore, it has attracted more interests in multi-view video research. However, an 

image/video-based approach demands high storage and transmission bandwidth for a 

large volume video data from multiple views. Therefore, multi-view video coding 

(MVC) becomes critical for the practical use of multi-view video [10]. My research in 

MVC focuses on image/video-based multi-view video systems. 

 

1.3 Multi-view Video Coding 

Multi-view video coding (MVC) involves more than just compressing 

independent multiple streams. Traditional single view video coding standards, such as 

MPEG and H.26X, take advantage of the characteristics of the human vision and its low 

sensitivity to color. Single-view video coding also takes advantage of motion, as well as 

spatial and statistical redundancies present in video data. In general, multi-view video 

consists of videos captured simultaneously from multiple views of the same scene in 

which there is a high degree of correlation within each view and between the multiple 

views.  

Due to the complexity and multiplicity of video scene, prodigious efforts will be 

required to develop efficient MVC algorithms. MVC algorithms should compress 

multiple streams not only by exploiting all of the traditional techniques, but by taking 

advantage of the displacement of one stream with respect to the other. Some of the 

additional requirements for MVC are [2], [6]: 
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• Compression efficiency: Compression algorithms shall provide high compression 

efficiency relative to independent coding of each view of the same content. Some 

overhead, such as camera parameters, may be necessary for facilitating view 

interpolation, i.e., trading coding efficiency for functionality. However, the overhead 

data should be limited in order to increase acceptance of the new services. Compression 

algorithms should reduce the redundancy in information from multiple views as much 

as possible to provide a high degree of compression, subject to distortion and resource 

constrains. The redundancy in multi-view video streams consists of intra-frame 

redundancy (spatial); inter-frame redundancy (temporal); inter-view redundancy 

(geometrical); transform redundancy (frequency); and human visual system 

redundancy. 

• View scalability: View scalability shall be supported with minimum decoding 

effort. This enables the video to be displayed on a multitude of different terminals and 

over networks with varying conditions. 

• Visual quality: Decompressed data should provide good visual quality including: 

subjective quality (Human visual system); objective quality; quality consistency among 

views: perceptually similar visual quality over different views to be presented in the 

same time frame. 

• Compatibility: Should be compatible with current and future techniques [51]. 

• Low delay: Compression algorithms should provide low delay for real-time 

applications; delays in coding include encoding/decoding delay, view change delay and 

end-to-end delay. 
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• Resource efficiency: A MVC scheme should provide certain resource efficiency in 

terms of computational complexity and resource consumption. 

• Random access: MVC shall support random access in both the time dimension and 

view dimension. MVC should support random access to a spatial area in a picture. This 

may be treated as a view random access if a view is composed of several spatially 

smaller views. 

• Scalability: This includes SNR scalability, spatial scalability, temporal scalability, 

complexity scalability, and view scalability on multitude of terminals and under a 

variety of network conditions. 

• Parallel processing: MVC should support parallel processing of different views or 

segments of the multi-view video to facilitate efficient encoder and decoder 

implementations. 

 

1.4 Objectives 

In general, the disparities of different views are mainly caused by different 

camera positions, which are similar to camera motion between images in a single-view 

video sequence [25]. Camera motion normally can be modeled by 2D geometric 

transforms, such as translation, affine, or perspective transform, with a set of 

parameters[79]. Due to the non-planar 3D scene, the parameter sets of camera transform 

differ for objects due to variable object depths. The disparity differences within an 

object are relatively smaller than those between different objects. The disparity map 

tends to be continuous within one object and discontinuous at the edges of objects. In 
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addition, in most multi-view systems, cameras are stationary or their relative positions 

are fixed during video acquisition. The disparity of static background area will have 

fewer variations along the sequences. Therefore, an object-based approach better 

exploits the temporal correlation of the disparity and the camera geometry between 

views for objects and background in inter-view prediction. However, in the traditional 

object-based coding [16], [54], [80], segmentation has to be applied to every view, and 

segmentation masks are encoded and transmitted as side information, which leads to 

high overhead in terms of computational complexity and output bit rate. 

The efforts on standardization of MVC have been rather preliminary. A multi-

view profile (MVP) is available in MPEG-2, which was defined in 1996 as an 

amendment for stereoscopic TV [74], [75]. The MVP extends the well-known hybrid 

coding towards exploitation of inter-view/channel redundancies by implicitly defining 

disparity-compensated prediction (DCP); however, the profile does not support 

interactivity at all. MPEG-4 Version 2 includes the so-called Multiple Auxiliary 

Component (MAC), defined in 2001 [77]. The basic idea of the MAC is that grayscale 

shape is not only used to describe the transparency of the video object, but can be 

defined in a more general way. MACs are defined for a video object plane (VOP) on a 

pixel-by-pixel basis, and contain data related to the video object, such as disparity, 

depth, and additional texture [75]. An ad-hoc group of the ISO (International 

Organization for Standardization) has been exploring 3D Audio-Visual (3DAV) 

technology [1] since December 2001. In 3DAV, various applications and technologies 

have been discussed in relation to multi-view video [1], [3], [7]. The work to 
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standardize MVC has been underway since 2003. Different view-temporal prediction 

structures and specific MVC tools have been proposed [1], [3], [7], [20], [26]. Current 

efforts were based on utilizing block-based correlations in multiple views to improve 

the overall coding performance, which may not effectively exploit the camera geometry 

for different objects and the background. The exploitation of additional redundancies, 

however, incurs extra computational overhead, thereby counteracting the benefits 

gained from coding efficiency.  

To address the abovementioned problems, this dissertation proposes an efficient 

multi-view video encoding scheme that not only exploits various kinds of inter- as well 

as intra-view redundancies to achieve both high coding efficiency, but also exploits 

inter-view and temporal domain coded information for lower coding complexity. 

 

1.5 Dissertation Outline 

In the remainder of this dissertation, after a survey on the current MVC 

algorithms in Chapter 2, I will present an overview of my object-based MVC scheme in 

chapter 3. The details of the segmentation algorithm and object-based MVC algorithm 

are introduced in Chapter 4 and Chapter 5 respectively. Finally, Chapter 6 concludes the 

dissertation and discusses future work. 
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CHAPTER 2 

SURVEY OF MULTI-VIEW VIDEO CODING ALGORITHMS 

 

2.1 Methodologies 

Compared to traditional single view video coding, one more redundancy can be 

exploited in multi-view video coding (MVC). That is geometrical/inter-view 

redundancy, which geometrical setting of the cameras is involved. According to the 

level of geometric redundancy, we can classify various multi-view video compression 

algorithms/schemes into three main categories, namely distributed compression, 

disparity/depth based algorithms and 3D model based/ model aided (view dependent) 

algorithms, as depicted in Figure 2.1.  

 

View Scalability
More  

Complexity/compression ratio 

Distributed compression Disparity / Depth-based 
3D model-based/model-
aided (View dependent) 

Less geometry-based  More geometry-based 

Distributed 
single 
view 
coding 

Distributed 
Wyner-Ziv 
coding  

Vector 
Quantization 
(VQ)  

Scalable 
Hybrid 
Predictive 
Coding 
(SHPC) 

Video 
fragment 
based – 
PRk-tree 
coding 

3D Object 
/mesh 
based  
algorithms 

Lower 

Random accessible 

Scene based (better compression for natural scene) Object based (better for teleimmersive, 
visual hall (VH), computer graphic 
synthesized scene) 

Less  

Higher 

Harder Easier 

Multi-view 
Video 
Coding 
with Depth 
(MVD) 

 

Figure 2.1 Categories of multi-view video coding algorithms. 
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2.1.1 Distributed compression algorithms 

Distributed compression algorithms compress each video stream individually 

without geometric information. In [51], a multi-view video system uses temporal 

compression only and transmits all of the views as independent MPEG-2 video streams.  

In [99], Zhu and Girod compress data acquitted by large light field system, using a 

scheme based on distributed Wyner-Ziv coding. The scheme assumes no 

communication between the cameras and requires very simple implementation at the 

encoder. The burden of computation is shifted to the centralized decoder, which is 

assumed to be more sophisticated. It performs geometry estimation, renders the side 

information based on the geometry, and adaptively controls the bit-rate for each 

encoder, in addition to perform Wyner-Ziv decoding. In [69], a vector quantization 

(VQ) scheme is used to reduce the amount of data used in light-field rendering, while 

achieving random access and selective decoding. 

2.1.2 Disparity/depth based algorithms 

Multi-view video coding consists of multiple views of the same scene, thus, 

there is a high degree of correlation between the multiple views. In order to deduce 

inter-view redundancy in multi-view video, in addition to exploiting the temporal 

redundancy to achieve coding gains, disparity/depth based algorithms utilize scene 

geometry implicitly. In these algorithms, scene geometry is used by performing 

disparity prediction and compensation across the different views or combining depth 

information of each view. Disparity is the displacement of corresponding points results 

from different shooting positions of the cameras. 
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Scalable hybrid predictive coding (SHPC) algorithms [18], [22], [61], [93], [94], 

[95] compress one view using normal single-view compression algorithms as a base 

layer, and compress other views as enhancement layer(s), as shown in Figure 2.2. Inter-

view redundancy is utilized in disparity prediction. The key aspects of the prediction 

structure for multi-view video are that it provides high coding efficiency, operates with 

reasonable complexity and memory requirements, and facilitates random access. In 

[18], [59], the different prediction structures that have been proposed for efficient multi-

view video coding are described.  

 Enhancement layer

Base layer  

Figure 2.2 Scalable hybrid predictive coding. 

Other algorithms [42], [101], called multi-view video coding with depth (MVD) 

algorithms, combine multiple depth information with the multiple 

video streams. These algorithms provide free viewpoint functionality, but require 

complicated depth estimation algorithms to acquire accurate depth information.  
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In most SHPC algorithms, the inter-view redundancy is reduced by disparity 

compensated prediction (DCP). Disparity estimation (DE) is the key step in DCP, which 

is to obtain the dense map of the corresponding points from different views that is to 

obtain the displacement/disparity vector of corresponding points.  

According to the representation of disparity vector, the techniques of DE can be 

divided into pixel-based DE and region-based DE. In pixel-based DE, each 

corresponding pixel pair from different views has one disparity vector; hence, the 

disparity map is dense. In region-based DE, the image is divided into different regions; 

one disparity vector captures the correspondence of the regions in different views. Most 

popular region-based techniques are block-based methods. 

According to optimization methods used in disparity computation, methods for 

DE can be also categorized into local methods and global methods. In local (window-

based) algorithms, the disparity computation at a given point/region depends only on 

intensity values within a finite window. In contrast, global algorithms seek a disparity 

assignment that minimizes a global cost function over the whole image and then solve 

an optimization problem. Stochastic approaches that use the Markov Random Field 

(MRF) to model the images are usually exploited in global algorithms [69], [93]. 

Compared to local methods, global methods can achieve more accurate disparity maps, 

but they are complex and time consuming, and thus may not be suitable for real-time 

application. 
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In the current literature, most local methods can be classified into three main 

algorithms: block matching algorithms (BMA) [33], [40], [45], [71], [93], nodal-based 

algorithms (NBA) [15], [82], and object based algorithms (OBA) [18], [59]. 

BMA is a traditional method for motion estimation as well as disparity 

estimation. It establishes the correspondences for regular N × N blocks between frames 

in different views. Substantial prior work has presented improved approaches based on 

block matching to reduce the estimation error or to speed up the estimation process 

[33], [40], [45], [71], [93]. BMAs are well suited for compressing arbitrary scenes 

(including natural scenes, synthesis scenes with embedded logos, and tele-immersion). 

They also work well with arbitrary camera settings and they have low complexity. 

However, BMAs suffer a connatural problem because disparities with respect to a block 

are supposed to be same, even though the block may contain different objects or 

background whose disparities are actually different. In addition, BMAs cannot best 

exploit inter-view redundancy, so the compressed data increases nearly proportionally 

with the number of views.  

Instead of using a block-wise constant model, in NBAs [15], [82], the current 

view is described by rectangular meshes, and the nodes in the reference view are shifted 

horizontally with respect to the corresponding nodes in the current view. The disparity 

function within each element is modeled as bilinear so that the 3D patch corresponding 

to this element is a curved surface, as shown in Figure 2.3. Nodal-based algorithms are 

compatible to existing video compression standards, such as MPEG-2. The disparity 

estimation is based on the statistic similarities of grid points, the displacements of the 
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grid points are more accurate than those generated by BMA, thus higher compression 

gain should be obtained. In addition, a dense disparity map will be generated during the 

processing, and the disparity of other points in the block can be interpolated by the 

disparity values of grid points of the block, smoother disparity field can be generated, 

therefore, better intermediate view can be synthesised. But the computational 

complexity of the algorithms is still high, and temporal information is not employed in a 

combined way to reduce the complexity. The algorithms may introduce more distortion 

by interpolation errors. The experimental results show that although BMAs lead to 

higher PSNR for the predicted image, NBAs yield visually more accurate predictions 

and provide a smoother disparity map for intermediate view generation. But NBAs are 

only suitable for teleconference applications in which there is only one dominant object 

(usually the head-and-shoulders of the person in teleconference) in the foreground. This 

is because for a scene with more than one object, the rectangular mesh in the current 

view may cover more than one objects or object with background, which leads to 

incorrect interpolation errors.  

 

 

Figure 2.3 Nodal-based DE. 
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OBAs use MEPG-4 to encode multi-view sequences [18], [59]. They are useful 

for covering the areas best visible in each of the particular views as the area of interest 

(AOI), and encode the AOIs as MPEG-4 Video Object Planes (VOPs) with an 

associated disparity value [18], [59]. In reconstruction, the better views can be put 

together by using disparity information, which is called disparity-compensated 

projection. Similar to NBAs, most OBAs are only suitable for teleconference 

applications and when the number of the views increases, OBAs become very 

complicated and need very high amounts of computation, as shown in Figure 2.4. OBAs 

are compatible with MPEG-4. They encode only the most visible areas in the view to 

reduce the inter-view redundancy; therefore they can obtain higher compression gain. In 

addition, a dense disparity map is generated during processing, which enables better 

synthesization of intermediate views. However, as two-way (left to right and right to 

left) dense disparity maps are required in these methods for analysis and AOI 

segmentation, the computational complexity of the algorithms is very high, which is 

undesired for real-time applications. Also, OBAs have limitations for coding arbitrary 

scenes with multiple objects and moving cameras. 
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Object

Left Camera Right Camera

Left View Right View
Better visible 
in right View

Better visible 
in left View 

Right reconstructionLeft reconstruction  

Figure 2.4 Object-based algorithms. 

The comparisons of the above algorithms are summarized in Table 2.1. 

Table 2.1 Comparisons of disparity estimation algorithms. 

 BMA NBA OBA 

Compatibility 

for compressing 

arbitrary scene 

Any scene  Tele-immersive 

scene with limited 

objects (head and 

shoulders) 

Tele-immersive scene 

with limited objects 

(head and shoulder) 

Scalability of 

views 

High High Low (as the number of 

views increases, the 

algorithm become 

very complicated) 

Optimization 

method 

Local Local Local 
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Table 2.1 - Continued. 

Disparity map Sparse map, 

discontinuous, 

inaccurate  

Dense, smooth, 

accurate within 

smooth object area, 

inaccurate at the 

boundaries of 

objects  

Dense, smooth and 

accurate 

Segmentation Not needed Needed Needed 

Compression 

gain 

Limit Medium High 

Complexity Low Medium High 

Reconstruction 

for novel views 

Bad Medium Good 

Other  Introduces 

interpolation errors 

 

Examples [33], [40], 

[45], [71], [93] 

[15], [82] [18], [59], [31] 

 

2.1.3 3D model-based/model-aided algorithms 

3D model-based/model-aided algorithms recover the geometry of the objects or 

the scene in coding 3D scenes by using camera parameters, which are obtained by 

camera calibration or shape-from-silhouettes techniques. The models and other 

information such as view-dependent texture maps and prediction residuals are then 

encoded [71]. 
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In [33], [91], the Blue-C system represents the 3D scene by 3D “video 

fragments.” 3D video fragment is a point sample that can be dynamically generated, 

deleted and updated. As opposed to mesh-based representations, 3D video fragments 

provide a one-to-one mapping between points and associated color and general 

attributes avoiding interpolation and alignment artifacts. In particular the lack of local 

connectivity makes 3D video fragments much more efficient for updating, coarse-to-

fine sampling, progressive streaming, and compression. 3D information is merged into a 

PRk-tree, which is then compressed and transmitted by encoding the attributes of the 

nodes of the tree. 

In [58], [77], [78], the Image Communication Group at the Heinrich-Hertz-

Institute represent 3D video objects based on 3D mesh models and view-dependent 

texture mapping using video textures. Geometry extraction is based on a shape-from-

silhouette algorithm. The resulting voxel models are converted into 3D meshes that are 

coded using MPEG-4 SNHC tools. The corresponding video textures are coded using 

an H.264/MPEG-4 AVC codec. These algorithms for view-dependent texture mapping 

have been adopted as an extension of MPEG-4 AFX. 

In [99], Ziegler et al. present a model-based approach to encode 3D video. By 

utilizing 3D scene geometry, they compensate for motion as well as disparity by 

transforming all video images to object textures prior to compression. A two-level 

hierarchical coding strategy is employed to efficiently exploit inter-texture coherence as 

well as to ensure quick random access during decoding. Their coding scheme is 

intended for use in conjunction with Free-Viewpoint Video and 3D-TV applications. 
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2.1.4 Summary 

We summarize the three categories of compression techniques discussed above 

in Table 2.2. 

Table 2.2 Comparison of compression techniques. 

 Distributed 

compression 

Disparity/depth- 

based algorithms 

3D model-based/ 

model-aided 

algorithms 

Geometry 

information 

exploited 

No/less geometry 

 

Implicit geometry 

 

Explicit geometry 

 

Encoding 

design 

Distributed 

encoding 

Centralized encoding Centralized encoding 

View 

scalability 

High Medium Low 

Complexity Low Medium High 

Random 

accessibility 

Hard Medium Easy 

Subject 

better suited 

for 

compression 

Arbitrary scene Scene with dense 

camera setup 

(narrow baseline of 

cameras) 

One or limit number 

of objects with sparse 

camera setup (wider 

baseline of cameras)  

Applications Light-field system 

3D TV 

Light-field system 

3D TV 

3D Tele-immersion 

Free viewpoint 

3D Tele-immersion 

3D TV 
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2.2 Prediction Structures of Multi-view Video Coding 

From the description in the previous section, scalable hybrid predictive coding 

algorithms are suitable for many applications, and they provide a good compromise 

between complexity, scalability, random access, and the use of geometric information. 

Thus, scalable hybrid predictive coding algorithms have become the main direction of 

MVC investigation and been attracting more and more research interest. Our research is 

also based on scalable hybrid predictive coding (SHPC). 

In addition to the basic coding techniques used in single-view video coding, 

SHPC in MVC takes advantage of redundancies among the views. To exploit 

redundancies in video, prediction coding is the most popular technique and is believed 

to be the most successful. The prediction structure for multi-view video provides high 

coding efficiency, operates with reasonable complexity and memory requirements,  and 

provides scalability and facilitates random access.  

 

Transform Quantization 

Inverse 
Quantization

Inverse 
Transform

Entropy 
Coding 

Predictor Frame 
Memory

Input Video 

Quantized Transform 
Coefficients+ 

- 

+ 

+ 

Prediction 
parameters

Bit Stream

Loop Filter 

From other view video 

Sn 

S’n 

Rn 

R’n

 
Figure 2.5 General predictive hybrid video encoder. 
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In a general predictive hybrid video encoder, as illustrated in Figure 2.5, the 

input video signal Sn is subtracted from its prediction S’n, which is generated from the 

previously decoded and reconstructed blocks or frames either from its own view or 

reference view(s). The residue error from the subtraction is transformed, quantized and 

entropy coded. In general, MVC uses three kinds of prediction to remove 

redundancies[1]:  

Intra-block prediction (IBP) predicts the current block by using the 

information in neighboring blocks to reduce spatial redundancy in the same frame. The 

compression gain by IFP depends on the complexity of the scene. 

Motion-compensated prediction (MCP) exploits temporal redundancy to 

predict the current frame from previous encoded frames of the same view captured at 

different time. The compression gain by MCP depends on the frame rate and accuracy 

of the exploited motion model. 

Disparity-compensated prediction (DCP) predicts the current frame by 

utilizing inter-view spatial redundancy from the frames of other views acquired 

simultaneously by different cameras. The compression gain by DCP depends mostly on 

the acquiring system (including the distance between cameras, the distance between the 

scene and the cameras, the homogeneity of camera settings, the motion of the cameras 

and accuracy of the exploited camera model). 

In order to be compatible with traditional single-view applications, a MVC 

prediction structure consists of at least one base view (BV) and multiple enhancement 

views (EVs). The BV is normally coded by single-view coding and provides reference 
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for encoding EVs. Various prediction techniques to predict EVs have been proposed 

[1], which can be classified into three main categories:  

Simulcast: The simplest and straightforward idea is simulcast coding [33], [44], 

which compresses each view independently Figure 2.6, offering a high degree of 

scalability in terms of the number of views, and low complexity, but suffering from low 

compression efficiency, low degree of interactivity and high latency of view switching. 

Since no inter-view redundancy is utilized in simulcast structure, as the number of 

views increases, the compressed output bit-rate increases linearly. The H.264/MPEG-4 

AVC based simulcast scheme is usually employed as the baseline [1], [3], [7]. 
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Figure 2.6 Simulcast structure. 

DCP-only: In DCP-only structure [8], [80], EVs are coded only by using inter-

view prediction from the concurrent frame from other view. No MCP is used within 
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each EV. Therefore, the compression efficiency in these algorithms is low even though 

it can provide low latency of view switching. Figure 2.7, 2.8, and 2.9 show some 

examples of DCP_only structures with one BV. More than one BV cases can be 

extended from one BV case. In Figure 2.7, all frames are spatial predictive frames (Ps 

frame). All frames in the left views of the BV are predicted from the concurrent frame 

of their right adjacent view, and all frames in the right views of the BV are predicted 

from the concurrent frame of their left adjacent view [39]. In Figure 2.8, all frames in 

EVs are predicted from the concurrent frame of BV [101]. In Figure 2.9, there are two 

types of frames in the EVs, Ps frame and Bs frame. All Ps frames in the left views of the 

BV are predicted from the concurrent frame of their right closest Ps view or BV, and all 

frames in the right views of the BV are predicted from the concurrent frame of their left 

closest Ps view or main view. All Bs frames are predicted from its two adjacent views 

[38], [39]. 
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Figure 2.7 DCP_only structure with one adjacent view as reference view. 
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Figure 2.8 DCP_only structure with base view as reference view. 

DCP+MCP: In these algorithms [1], [25], [33], [37], frames in EVs are coded 

by using IFP and MCP as well as DCP. These algorithms can achieve best compression 

efficiency when compared to the abovementioned structures, but suffer from high 

complexity. When block-based DCP is used, the probability of exploited inter-view 

prediction is inferior to that of MCP due to variant characteristics of motions, 

illuminations depending on camera positions and differences of cameras [19]. The 

disparity vectors are normally larger than motion vectors and are usually nonzero. Inter-

view redundancy is not better exploited, because the percentage of the macroblocks 

(MBs) in EV that are best predicted by MCP is much higher than that of the MBs best 
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predicted by block-based DCP [19] in most cases. Some examples of DCP+MCP 

structure are shown in Figure 2.10. In Figure 2.10 (a) [14], anchor pictures in EVs are 

coded using DCP across different views. Non-anchor pictures are encoded in the same 

way as simulcast. In Figure 2.10 (b) [39], anchor pictures in EVs are coded using DCP 

across different views. Non-anchor pictures are encoded by both DCP and MCP, 

depending on which one provides the best rate-distortion (RD) performance. 
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Figure 2.9 DCP_only structure allowing two adjacent views as reference view. 
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Figure 2.10 DCP+MCP prediction where (a) DCP only in anchor frames and (b) DCP in 
all frames. 

Table 2.3 compares and summarizes the MVC prediction structures, which were 

discussed above. 

Table 2.3 Summary of MVC prediction structures. 

Technique Main Idea Advantages Disadvantages References

Simulcast 

Compresses 

each view 

independently 

1. High degree of 

scalability in the 

number of views 

2. Low  

complexity 

1. Low degree of 

interactivity 

2. High latency of view 

switching 

3. Low compression 

efficiency 

[1], [3], 

[7] 
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Table 2.3 - Continued. 

DCP-only 

Compresses 

BV 

independently, 

and 

compresses 

EVs by using 

inter-view 

prediction. 

1. Low latency of 

view switching 

2. Low 

complexity 

1. Low compression 

efficiency 

2. High latency of random 

access in temporal 
[8], [38], 

[39]. [80], 

[101] 

DCP+MCP 

Compresses 

BV 

independently, 

and 

compresses 

EVs by using 

both inter-

view 

prediction and 

MCP. 

1. High 

compression 

efficiency  

2. Low latency of 

random access 

1. High complexity 

2. Inter-view redundancy 

is not better exploited 

[1], [14], 

[25], [33], 

[37], [39]

 

2.3 Multi-view Coding Tools 

Due to the complexity and multiplicity of video scene, prodigious efforts will be 

required to develop efficient MVC algorithms. An ad hoc group of the ISO 

(International Organization for Standardization) has been exploring 3D Audio-Visual 

(3DAV) technology [1] since December 2001, which is now ad hoc group on MVC 
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(AHG on MVC) in JVT. In AHG on MVC, various applications and technologies have 

been discussed in relation to the term multi-view video [1], [1], [7]. The work to 

standardize MVC has been underway since 2003. Currently, the various new techniques 

and tools for MVC have been proposed and tested objectively and subjectively [1], [5], 

[7], [19], [25]. These techniques were based on the state-of-the-art technology, namely, 

H.264/MPEG-4 Advanced Video Coding (AVC). Results from the tests demonstrated 

that up to 50% reduction of bit rate is achievable if views of the same scene are 

compressed jointly with new MVC technologies instead of using a conventional 

simulcast coding approach using H.264/MPEG-4 AVC. Based on these results, MPEG 

will standardize MVC technology as an amendment of H.264/MPEG-4 AVC [28]. The 

work draft of the standard is expected to be finished in July 2006, and the final draft 

will be released in January 2008. 

The current efforts used various spatial and temporal prediction structures to 

balance the goals of compression efficiency, view scalability, and random access [5]. At 

the current stage, the main techniques used in MVC still based on H.264/MPEG-4 

AVC, by using block-based MCP and DCP. DCP is a similar process as MCP in view 

direction. The techniques used in MCP in H.264/MPEG-4 AVC can be also used in 

DCP. The new tools proposed to AHG on MVC include spatial/temporal hierarchical B-

frames, view synthesis interpolation prediction, illumination compensation, disparity 

vector prediction, asymmetric MB partitioning [7]. 
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2.3.1 Spatial/Temporal Hierarchical B-Frames 

In [56], Fraunhofer HHI proposed a predictive structure for MVC with 

hierarchy structure of B pictures. The hierarchy structure of B pictures follows the 

H.264/MPEG4-AVC rules, such that any GOP length can be selected. Generally, each 

picture can use up to 4 reference pictures in prediction. These reference pictures are 

taken from either temporal or concurrent inter-view direction as shown in Figure 2.11. 

The encoder can choose the best reference through rate-distortion optimization. In this 

structure, at lease one view is encoded as base view, other views are encoded as 

enhancement views, which use base view or other encoded views as reference. Each EV 

can choose up to two encoded views as reference. As an example in Figure 2.11, for 

inter-view dependency exploitation, each 2nd view (i.e. S1, S3 and S5) uses reference 

pictures from neighbouring views. For an even number of views, the last view has only 

references to one of the neighbouring views. For the core coding and decoding, all 

views are multiplexed and fed into the encoder.  

For memory optimization purposes, picture reordering before encoding and 

inverse reordering after decoding are applied [7]. 
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Figure 2.11 Inter-view-temporal prediction structure using hierarchical B pictures. [7] 

2.3.2 View Interpolation Prediction 

Both Mitsubishi Electric Research Labs and Nagoya University/NTT 

Corporation proposed view interpolation/synthesize prediction techniques in [52] and 

[82] respectively. While there are some differences in the details, both techniques 

essentially work by using a set of one or more previously encoded/decoded frames to 

interpolate a new virtual frame as prediction of current frame in encoding. Inter-view 

redundancy is utilized by an interpolation process, which uses the camera parameters as 

well as a depth map to first compute the locations of the corresponding points in the 

reference frames to the location to be interpolated, and then computes a weighted 

average of these pixels to produce the interpolated pixel [7].  
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The main difference between the algorithms in [52] and [82] is in depth map 

generation. In [52] the required depth map is generated at the decoder using previously 

received sequences combined with an optional depth estimate correction sent by the 

encoder. In [82], the depth is estimated at the encoder and encoded using H.264/MPEG-

4 AVC. Finally, each block of the frame to be coded may be predicted from the 

interpolated frame using the usual H.264/MPEG-4 AVC. 

2.3.3 Illumination compensation 

Multi-view video systems use multiple cameras. One inherent problem in MVC 

is mismatching in luminance and chrominance in corresponding area captured by 

different cameras [49]. The mismatching is caused by the following reasons: 

1) Multiple cameras in MVC might be built using heterogeneous cameras, or 

they have not been perfectly calibrated. 

2) Differences of camera distance and positioning of multiple cameras affect 

illumination, in the sense that the same surface may reflect the light differently when 

perceived from different angles.  

This luminance and chrominance mismatching will decrease the efficiency of 

inter-view prediction [7]. 

In order to compensate the illumination mismatching between different views, 

methods to compensate the illumination changes have been proposed in [7], [79]. These 

methods introduce new syntaxes to convey the information used for illumination 

compensation, use MB/block level processing for illumination compensation, modify 

disparity estimation to take illumination compensation into account. 
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2.3.4 Disparity vector prediction 

When the camera arrangements are fixed with respect to each other, disparity 

relations are similar in short time intervals such as a single GOP. The reuse of disparity 

vectors is effective in this case. In [27], KDDI Corp. proposed a method to predict 

disparity vectors in MVC. In the method, decoded disparity vectors are stored in a 

disparity vector memory, and the stored disparity vectors are used to predict disparity 

vectors for further pictures that belong to other views. 

 

2.3.5 Asymmetric MB partitioning 

The symmetrical segmentation implemented in H.264/MPEG-4AVC does not 

always efficiently describe motion information. Although the adaptive block size 

technique as implemented in H.264/MPEG-4AVC is applied, many disparity / motion 

vectors are still necessary. In [46], NTT Corporation and Nagoya University proposed 

the asymmetric MB partitioning (AMP) technique to reduce motion vectors for a MB. A 

boundary of objects typically exists in an asymmetrical position in a MB. The AMP 

technique efficiently describes motion information even in such a case. 
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CHAPTER 3 

OVERVIEW OF THE PROPOSED SCHEME 
 

3.1 Introduction  

As stated in the introduction of Chapter 1, we believe that an object-based approach 

better exploits the temporal correlation of the disparity and the camera geometry between 

views for objects and background in inter-view prediction. However, in traditional object-

based coding [16], [54], [80], segmentation has to be applied to every view, and 

segmentation masks are encoded and transmitted as side information, which leads to high 

overhead in terms of computational complexity and output bit rate. 

This dissertation proposes an object-based MVC scheme designed to achieve 

both high coding efficiency and low prediction complexity. After BV is encoded, some 

statistical information of the scene, such as the motion vector field (MVF) of BV, is 

already known. The algorithm exploits this information for predicting EVs, segmenting 

objects and guiding the disparity estimation (DE) and motion estimation (ME) in EVs 

for the purposes of bit rate saving and complexity reduction.  

In the proposed scheme, an efficient video object segmentation algorithm is 

proposed for the coded BV. In our algorithm, we assume the pixels in the same object 

should have similar intensity or similar motion. The features for segmentation in BV are 

intensities of the reconstructed frame and MVs, which are obtained from the coding 
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of the BV and thus need no extra work.  Since there is no MV for I frames, we re-

project the MVs of the first followed P frame to obtain the MVF of the I frame using the 

method described in [59]. In each GoGOP, the main segmentation process is done for 

the I-frame in BV. For inter-coded frames (P frames), indicated by the corresponding 

MVs, segmentation masks are inherited from the preceding frame. The features we use 

for segmentation exist in the pre-encoded bit stream, which can be also obtained by the 

decoder. If the decoder performs the same segmentation procedure with these features, 

it can achieve the same object masks. In this case, no extra output bits are needed to 

encode the object masks. If the decoder doses not perform segmentation, then we only 

need to encode the object masks of I frames, the extra output bits are limited. The 

segmentation procedure in I frames consists of two steps:  foreground extraction and 

moving objects clustering. Foreground extraction identifies foreground moving objects 

pixels and static background area by the re-projected MVF. To adjust different 

characteristics of MVs and reconstructed intensity with different coding quantization 

parameter (QP) values resulted by BV coding, we proposed a pixel-based foreground 

extraction algorithm for the encoded frames have low QPs and a block-based 

foreground extraction algorithm for the encoded frames have high QPs. The extracted 

foregrounds are subjected to a single-linkage agglomerative clustering algorithm that 

uses MVs and intensity characteristics to attain refined object masks. The segmentation 

masks are refreshed in I frame of every GoGOP. We assume that there is no camera 

motion within one GoGOP, but the algorithm can be extended to non-stationary camera 

scenario by employing global motion estimation and compensation to detect the camera 
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motion along time. In our algorithm, the foreground extraction process is either pixel-based 

with low QPs, or block-based with high QPs, and the clustering process is in block unit, 

they are only done in the I frame of each GoGOP of the BV, the complexities of these 

processes can be negligible compared to the ME and DE in other views. In addition, our 

algorithm segments the objects based on the information in each frame instead of the 

information in the whole GOP [59], which promotes “low delay coding” when it is applied 

to MVC. 

After the encoded BV is segmented into objects and background using a fast 

online segmentation technique with low overhead, a fast object registration and object 

warping methodology generates the initial disparity maps (DM) of each object and 

background as well as initial inter-view prediction frame for each EV. This process 

establishes an initial relation between the BV and EVs. Disparity vectors (DVs) can 

then be refined within small range in DE based on the initial DMs. Moreover, as guided 

by the initial DMs, the motion vectors (MVs) of the EV are predicted from the MVF of 

the BV; consequently, ME in the EV is limited to a small search range. This leads to 

lower complexity DE and ME in EV coding. Our proposed MVC scheme named 

SWEEP (Segmentation, object Warping guided Enhancement Estimation and 

Prediction) has the following advantages: 

Selective Segmentation: In SWEEP, segmentation is applied only to the BV 

using the intensity of decoded frames and MVs, which can be also recovered by the 

decoder. Therefore, no segmentation masks need to be encoded; the decoder can 

perform the same procedure to obtain the same object masks for decoding. We only 
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need to encode the warping parameters for each object and background for each EV. So 

that increase of complexity and output bit rate from segmentation can be limited, 

allowing fast and on-line processing. 

Object Warping Prediction: Object warping from BV to EV provides one 

more inter-view prediction besides block-based DCP, which enhances accuracy but 

requires only one parameter set for each object to be encoded, so that bit rate saving can 

be achieved, especially for plain and static area. An MB in EV is encoded according to 

the rate distortion optimization (RDO) choosing among the prediction of the object 

warping, block-based DCP, MCP, and IFP.  

Refined DM: SWEEP has lower complex and saves bits in DCP due to two 

reasons: First, the DMs are refined in small ranges. Second, only the differences 

between the refined DMs and the initial DMs need to be encoded.  

Faster Motion Estimation: Guided by initial DMs, MVs of EVs can be 

predicted by MVF of BV. Therefore, ME in the EV can be limited to a smaller search 

range to lower computational complexity. 

 

3.2 Prediction Structure 

Since the latest released H.264/MPEG-4 AVC video coding standard [26] is 

proved to provide the best video coding efficiency, it has been chosen as anchor 

encoder in 3DAV [7]. SWEEP is aimed for H.264/MPEG-4 AVC. The algorithm uses a 

Group of GOP (GoGOP) prediction structure, one example is shown in Figure 3.1. In 

Figure 3.1, in each GoGOP, one view is regarded as BV, and will be encoded by 
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H.264/MPEG-4 AVC encoder with “IPPP…” structure for simplification; which can be 

extended to the structure with B frames in future. The first frame along the time 

direction in each EV in a GoGOP is encoded by DCP from BV as Ps frame, and other 

frames are encoded as Pst frame by both DCP from BV and MCP from the previous 

frames in the same view. In this prediction structure, both DCP and MCP are exploited; 

low latency view switching and random access can be achieved because at most 2 views 

are involved to reconstruct frames in any view. As an example, in Figure 3.1, we 

illustrate the structure of 4 views coding of Flamenco1 sequences from KDDI [40] in 

the presentation of SWEEP. View 1 is coded as BV, and view 0, 2, 3 are EVs. It is 

worth noting that SWEEP is not limited to this prediction structure. It can be applied to 

any prediction structures with at lease one view encoded as base view by single view 

video coder. 
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Figure 3.1 Prediction structure. 
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3.3 Encoder Structure 

Figure 3.2 elaborates the function of SWEEP in an MVC encoder. BV is 

encoded by H.264/MPEG-4 AVC encoder. After one frame in BV is encoded, 

reconstructed, and stored in the frame memory, we segment it into different objects and 

background by our segmentation algorithm (which will be introduced later). Then 

objects and background are registered and warping to generate the initial DMs and 

inter-view prediction for each EV, see Figure 3.3 for illustration. The basic structure of 

the encoder of the EV is the same as the general predictive encoder in Figure 2.5, except 

that the predictor takes the following as inputs:  

1. The previous reconstructed blocks of the same frame in the frame memory 

for IFP;  

2. The previous reconstructed frame in the frame memory of the same view for 

MCP; 

3. The concurrent reconstructed frame and its MVF in the frame memory of the 

BV for DCP; 

4. The initial prediction and initial DM from BV by object warping with 

corresponding parameter sets.  

In DE for block-based DCP in EV coding, local DVs will be refined by perform 

searching around the initial disparity within a small search window. The MVF of the 

concurrent frame in BV is also warped to predict the MVs of the EV, and the ME in the EV 

can be limited to a smaller range to lower the complexity. According to the rate distortion 

optimization, we encode each MB in EV with the prediction choosing among object 
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warping prediction, block-based DCP, MCP, and IFP. Only differences of the refined DV 

and the initial DV need to be encoded, so that higher possibility of zero or small DVs can 

be obtained to achieve bit saving and lower complexity in DE. 
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Figure 3.2 The MVC encoder using the SWEEP algorithm. 
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Figure 3.3 The procedure of object warping prediction. 
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CHAPTER 4 

AN EFFICIENT VIDEO OBJECT SEGMENTATION SCHEME FOR MULTI-VIEW  
VIDEO CODING 

 

4.1 Introduction 

Video object segmentation is a process for extracting semantic or interested 

objects from a background scene. It plays an important role in video processing as the 

obtained video objects can provide meaningful descriptions in surveillance systems, 

computerized recognition systems, medical applications, content compositions, data 

retrieval and multi-view video applications.  

As stated in Chapter 1, object-based approaches for multi-view video coding 

(MVC) provide better inter-view prediction for video sequences with varying depths of 

objects. It is a common practice to apply segmentation to each view of the video 

sequence, followed by the encoding of segmentation masks as additional information 

[31], [59], [82]. This, however, exacerbates the already formidable complexity of MVC, 

and also increases the output bit rate. 

In this Chapter, we propose a segmentation algorithm for MVC, which is fast 

and efficient, and does not require encoding redundant information.  

In the proposed algorithm, segmentation is performed only on the video, which 

is pre-encoded, such as base view in MVC. There are several advantages to performing 

video object segmentation on pre-encoded video: first, in pre-encoded video, motion 
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information is available from coding process and applicable to segmentation without the 

extra work of time-consuming motion estimation process; second, the segmentation 

process can use the information extracted from pre-encoded video. This information is 

obtainable by both encoder and decoder. Therefore, when it is applied in coding, such 

as the segmentation on the BV in MVC, no extra output bits are needed to encode the 

segmentation masks; the decoder can perform the same procedure to obtain the same 

segmented object masks for decoding. Some compressed domain segmentation 

algorithms have been proposed to extract video objects in pre-encoded video [32], [47], 

[64], [65]. Most of these algorithms are based on MPEG or MPEG-like encoded videos, 

they use DCT coefficients in I frames as texture characteristics and motion vectors to 

provide motion information. However, when a video sequence is encoded by 

H.264/MPEG-4 AVC [29], in which intra-prediction is applied to achieve greater 

compression efficiency, DCT coefficients are no longer directly correlated to the spatial 

frequencies of the texture in a block. On the other hand, these segmentation algorithms 

need the motion information of the whole Group Of Pictures (GOP) [54], incurring a 

long time delay if they are applied to encoding, which means that they are not 

applicable for real-time applications. 

The basis of the proposed algorithm is the exploitation of the intensity of the 

reconstructed frame and the already obtained motion vectors (MVs) of the 

H.264/MPEG-4 AVC coded base view. The algorithm employs different procedures for 

intra- and inter-frame segmentation. For intra-frame segmentation, the algorithm uses a 

pixel-based foreground extraction technique when the encoded frames have low 
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quantization parameters (QPs) and a block-based foreground extraction technique when 

the encoded frames have high QPs. These extracted foregrounds are further segmented 

into moving objects by clustering algorithms that use MVs and intensity characteristics 

to attain refined object masks. For inter frames, segmentation masks are obtained by 

inheriting the segmentation masks of the pixel in the previous frame indicated by its 

MV. The approach offers several advantages: First, by exploitation features from pre-

encoded video, the algorithm avoids the extra work of time-consuming motion 

estimation; second, such features are obtainable in decoder, and hence no segmentation 

masks need to be encoded; third, such a frame-based segmentation facilitates low delay 

coding, allowing real-time encoding. In addition to object-based MVC, our 

segmentation algorithm can be applicable in the applications with pre-encoded video, 

such as object tracking in distributed multi-view video surveillance system, data index 

retrieval in pre-encoded video, video transcoding, etc. 

 

4.2 Video Object Segmentation on Pre-encoded Video 

We assume the pixels in the same object have the same intensity or similar 

motion. The features for segmentation in the pre-encoded video by H.264/MPEG-4 

AVC, such as Base View (BV) in MVC, are the intensity of the reconstructed frame and 

motion vectors (MVs). Since there is no MV for an I frame, we re-project the MVs of 

the first P frame following the I frame to obtain the MVF of I frame using the similar 

method described in [54].  
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The segmentation procedure in each I frame can be described as the following 

steps. 

Step 1:  Generates motion vector field (MVF) by re-projecting from the 

followed P frame. 

Step 1.1: Forward projects MV of each P frame block to the I frame; 

Step 1.2: Computes the overlapping areas between the original and 

projected blocks in the I frame; 

Step 1.3: Updates the I frame MVs of the overlapped I frame blocks with 

respect to the ratio of the overlapping area to the covered area of 

this block after all MVs of P frame are projected.  

Step 2:  Foreground extraction: identifies foreground moving objects pixels 

and static background area by MVF. 

Step 3:  Moving objects clustering: segments the foreground into several 

moving objects by clustering based on the characteristics of intensity 

and the re-projected MVF. 

For the following P frames, segmentation masks are simply obtained by 

inheriting the segmentation masks of the pixel in the previous frame indicated by its 

motion vector.  

In the proposed algorithm, the foreground extraction process is pixel-

based/block-based and the clustering process is block-based, they are only perfomed in 

I frames. Segmentation masks are inherited in P frames indicated by MVs so as to limit 

the complexity and output bit rate from segmentation. The segmentation masks are 
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refreshed in the I frame of each GOP. Here, we assume that there is no camera motion 

within one GOP. But we can extend our algorithm to non-stationary camera scenario by 

employing a global motion estimation and compensation to detect the camera motion. 

4.2.1 Some Characteristics Analysis of H.264/MPEG-4 AVC coding 

In order to reduce the segmentation complexity as well as the output bit rate, the 

proposed segmentation algorithm exploits the MVs and intensity of the reconstructed 

frame in the frame memory of the BV. When using H.264/MPEG-4 AVC to encode the 

BV, MV field and the reconstructed frame have different characteristics with different 

coding QPs due to the Rate-Distortion Optimization (RDO) in H.264/MPEG-4 AVC 

coding. In H.264/MPEG-4 AVC, multiple modes are provided, for instance, the modes 

used to encode P slice include INTRA-4×4, INTRA-16×16, SKIP, INTER-16×16, 

INTER-16×8, INTER-8×16, INTER-8×8 for MB and additional INTER-8×8, INTER-

8×4, INTER-4×8, and INTER-4×4 for sub-macroblock (sMB). With RDO, these 

different inter/intra modes can provide different trade-offs between quality and output 

bitrate [81], [89], [90]. RDO in mode decision and motion estimation is via the 

minimization of a Lagrangian cost function, as shown in equation (1) [90].  

)|,()|,(),|,( QPSIRQPSIDQPSIJ kkkkkk λλ +=        (1)  

where Ik is the coding mode for MB/sMB k; Sk is associated pixels in k; D(*) represents 

the distortion of the reconstructed k,  which is measure as SSD (the sum of squared 

differences) or SAD (the sum of absolute differences); R(*) represents the resulting bit 

rate; λ is the Lagrangian parameter.  
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In (1), λ is a critical parameter and provides a trade off in terms of mode 

decision and ME between lower distortion vs. lower rate [81], [89], [90]. The choice of 

λ for mode decision and ME are related to QP as the equations (2) and (3) or (4) in 

H.264/MPEG-4 AVC. 

 ,285.0 3/)12( −×= QP
MODEλ          (2)       

 MODEMOTION λλ =          (3)           

when SAD is used for distortion measure in (1);  

  or  MODEMOTION λλ =            (4)     

when SSD is used for distortion measure in  (1). 

According to (2), (3) or (4), when QP is smaller, λ is smaller, the optimized 

decision tends to choose the mode/MV with lower distortion; while QP is larger, λ is 

larger, the optimized decision tends to choose the mode/MV which can results in lower 

rate. Therefore, in coding of P slice in H.264/MPEG-4 AVC: 

• When QP is small: the resulting coding modes tend to be sMB modes 

with smaller block size; the resulting MVF tends to be chaotic, even in 

the smooth area with no actual motion or small motion.  

• When QP is large, the resulting coding modes tend to be the modes of 

MB with larger size (16×16) or the SKIP mode; the resulting MVF tends 

to be uniform in the neighborhood; and MVs tend to be the same or 

close to their predictive MV obtained from neighboring MVs; the MVs 
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in the smooth area with no actual motion or small motion tend to be 

zero. 

We can make the abovementioned observations from the examples in the 

Table4.1, which shows the results of the encoded BV of Flamenco1 with different QPs.  

In addition, when QP is small, the distortion of the reconstructed frame is low, so the 

reconstructed frame is clear with high contrast; while coding with large QP results in 

blur reconstructed frame with low contrast. 

Therefore, the foreground extraction is required on the reconstruction frames 

with different coding QP. The range of QP also needs to be decided. We illustrate the λ 

value with different QPs in Figure 4.1. From Figure 4.1, we see that when QP is greater 

than 30, the value of λ becomes significantly large. Therefore, we set a threshold 

THQP=30; when QP> THQP, we regard it as large QP, and when QP≤ THQP, we regard 

it as small QP. 

Table 4.1 The encoded BV of Flamenco1 with different QPs. 

QP MV Field Reconstructed Frame Encoded mode 

16 

28 
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Table 4.1 – Continued. 

32 

40 

 

 

λ 

 

Figure 4.1 The Lagrangian parameters for mode decision. 
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4.2.2 Foreground Extraction  

The objective of foreground extraction is to detect the moving foreground 

objects from a static background. For most natural scene sequences, the foreground area 

has an intensity that can be distinguished from its neighborhood background area. The 

premise of our algorithm is that we first detect an initial foreground area that we call 

potential foreground area (PF), which covers all of the blocks with motion. For the 

reconstructed frame with large QP, the PF is extracted as the foreground without further 

processing. For the reconstructed frame with small QP, the background growing process 

is performed to find more accurate foreground because the chaotic MVF results in large 

false motion area. In the background grounding process, starting from the boundary of 

the potential foreground area and background area, the background will grow into the 

PF until it reaches the edge of moving objects. In order to obtain accurate foreground, 

the PF should cover the foreground objects as complete as possible, and the edges of the 

foreground objects should be as complete as possible. 

For moving objects detection, algorithms based on inter-frame change detection 

render automatic detection of objects have been proposed. These algorithms allow 

larger non-rigid motion compared to object tracking methods, but suffer from noise by 

decision error [44]. Edge information is visually an important cue for differentiating 

objects because human eyes are very sensitive to it. Noise from illumination changes 

will have less influence on edges than on homogeneous areas. Therefore, we detect the 

changes by inter-frame edge difference instead of inter-frame intensity difference, 
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preventing the noise in the background from affecting the actual edges of foreground 

objects. 

 

Find Edge Map EI Find Edge Map Ep 

The first P frame I frame 

Obtain Edge Difference Map EDM 

Obtain Moving Objects Edge Map ME 

Obtain Moving Objects Edge Blocks MOEBs 

Extend to closed moving object edges 

Potential Foreground PF 

Boundary background growing 

MEt 

Extending and Filtering MOEBs 

Closed edges 

Extract Foreground  

QP>THQP 
No 

Yes 

 

Figure 4.2 Foreground extraction. 

The block diagram of the foreground extraction algorithm is shown in Figure 

4.2. We first obtain the edge difference map (EDM) by calculating the difference of 

intensity edges between current frame and previous frame. By comparing the EDM with 

the edge map of current frame, we can get the moving objects edge (ME) map of the 

current frame. The 8×8 blocks contain the moving objects edge are called moving 

objects edge blocks (MOEBs). By extending and filtering MOEBs, we can get the 

potential foreground area (PF). Then  

• If QP is large, this PF is extracted for foreground.  
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• If QP is small, we extend ME into a more closed edge by close-open 

operations. Then starting from the boundary of the potential foreground 

area and the background area, the background will grow into the PF until 

the closed moving object edge is reached. Finally, the foreground area is 

extracted. 

In our algorithm, edge detection is the most important process. The accuracy 

and robustness of edge detection will influence the performance of our algorithm. 

Among many algorithms, the Canny edge detector [8], [20], [12] is widely considered 

as the ideal edge detector. Therefore, we apply the Canny edge detector, which can be 

defined as: 

)*()( IGIC ∇= θ                          (5) 

where, I is the image. It is accomplished by performing a gradient operation ∇ on the 

Gaussian convoluted image IG * , followed by applying the nonmaximum suppression 

to the gradient magnitude to thin the edge and the thresholding operation with hysteresis 

to detect and link edges [44]. 

We obtain the EDM by the following: 

|)**(||)()(| PIPI IGIGICICEDM ∇−∇=−= θ               (6) 

Here II presents I frame, IP presents the first P frame in the GoGOP, and we apply the 

thresholding operation after getting the difference of the gradients, so that the influence 

of noise in the background can be depressed. 
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Then we obtain the moving objects edge map ME by comparing the EDM and 

the edge map of the I frame )( IICE = :  

}&&{ EDMpEpME ∈∈=          (7) 

Then, in the current frame, all 8×8 blocks contain the moving objects edge ME and the 

blocks with nonzero MV are called moving objects edge blocks (MOEBs). By 

extending and filtering MOEBs with the following rules, we can extract the potential 

foreground area (PF): 

Rule 1: All MOEBs belong to PF. 

Rule 2: The blocks surrounded by MOEBs are identified as PF.   

Rule 3: The blocks with edges that have one of 4-connected neighbor blocks in 

PF will be marked as PF. 

Rule 4: The block in PF with no 4-connected neighbor blocks in PF will be 

filtered out from PF, i.e. it will be marked as background. 

And then, we extend ME into a more closed edge by close-open operations. 

Starting from the boundary of the potential foreground area and background area, the 

background will grow into the PF until the closed moving object edge is reached. 

Finally, the foreground area is extracted. 

An example of foreground extraction processes for low QP is shown in Figure 

4.3 by using an example frame from sequence Children. 
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(a) (b) (c) 

(d) (e) (g) 
 

Figure 4.3 Examples of Foreground Extraction processes (QP=16): (a) Edge Difference 
Map, (b) Moving Edge Map, (c) Closed Object Edge Map, (d) MOEBs, (e) PF,  

(g) Extracted foreground. 

 
4.2.3 Foreground Objects Clustering Segmentation 

In this section, we use properties including intensity and motion vectors from 

block matching to segment the extracted foreground into different objects by 

hierarchical clustering. Since the number of final objects is not known ahead of time, a 

threshold value is used to determine when the procedure stops [13]. There are two types 

of hierarchical clustering: Divisive and Agglomerative [13]. Divisive clustering is a top-

to-bottom process. Initially, all units are marked us one single group. Then we use two 

units in the same group that have largest distance as seed points for two new groups. 

We calculate the distances of the rest of the units in the original group to the seeds, and 
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place them into the new group, of which the seed has smaller distances to them. This 

procedure continues until a threshold of the largest distance or the number of groups is 

reached. Agglomerative clustering is a bottom-to-top process. Initially, one basic unit is 

one group. All distances between any two groups are calculated. Then we merge the 

two groups with shortest distance into one single group [13]. We continue this 

procedure until a threshold of the shortest distance between groups or the number of 

groups is reached. From the descriptions of the processes of hierarchical clustering 

algorithms, we can see that a measure of the distance between two groups/units is 

important to evaluate the similarity or commonness of the features between 

groups/units. In an agglomerative clustering, we also need to define a scheme to 

determine which groups should be merged, or linked, such as single linkage, centroid 

linkage, complete linkage and Wards method [13]. 

The proposed algorithm is block-based. The properties we use for representing 

the characteristic of a block B in our clustering are the mean intensity value )(Bmean of 

B and the magnitude )(BMV and the degree ))(( BMVd of motion vector of B. In 

which, 

∑
∈

∈

=

FGyx

Byx
yxI

r
Bmean

),(
&&

),(
),(1)(  (8), r is the number of foreground pixels (x,y) in block B. 

The distance between clusters is based on a feature vector V(A,B) as shown in 

expression (9), where A and B are different clusters.  
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In (9), 22 ))()(())()(()1( BMVYAMVYBMVXAMVXDMVmV −+−== is 

difference of magnitudes of motion vectors, where (MVX(A), MVY(A)) is motion 

vector of A, (MVX(B), MVY(B)) is motion vector of B. 

|))(())((|)2( BMVdAMVdDMVdV −==  represents the difference of degrees 

of motion vectors. 

|)()(|)3( BmeanAmeanDIV −==  represents the difference of intensity. 

Next, we define ∑
=

=
3

1
)3(),(

i i

i V
n
w

BAD , where wi is weight of feature V(i), and in  

is norm of V(i). For texture region, wi = wTi, for homogeneous region wi = wHi. Since the 

MVs are more reliable in texture region and intensity feature is more reliable in 

homogenous region, therefore for texture region, the weights of DMVm and DMVd are 

higher and the weight of DI is lower; for homogeneous region, the weights of DMVm 

and DMVd are lower and the weight of DI is higher.  

After foreground extraction, the background area separates the foreground area 

into several isolated areas, we will segment each foreground area by three clustering 

algorithms. 

Algorithm 1: Division Clustering (DC) 

Step 0: All blocks in one foreground area are placed into a single group.  
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Step 1: The distance between all pairs of blocks within the same group is 

determined and the pair with the largest distance is selected. This 

maximum distance is compared to a threshold distance THrd.  

Step 2: If it is larger than the threshold, this group is divided into two by placing 

the selected pair into different groups and using them as seed points. All 

other objects in this group are examined, and are placed into the new 

group with the closest seed point. Then goes back to Step 1.  

Step 3: If the distance between the selected objects is less than the threshold, the 

clustering stops.  

Algorithm 2:  Agglomerative clustering 

Step 1: Compare all pairs of blocks and mark the pair that is closest.  

Step 2: The distance between this closest pair of groups is compared to a 

threshold value. 

Step 3:  

– If the distance between this closest pair is less than the threshold 

distance, these groups become linked and are merged into a single 

cluster. Return to Step 1 and continue.  

–If the distance between the closest pair is greater than the threshold, the 

clustering stops.  

In algorithm 2, according to different linkage methods, it can be realized by the 

following:  
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Algorithm 2.1: Centroid-linkage (CL) 

–In a 4-nearest connected neighbor, distance of two closest clusters’ centroids is 

calculated. When a new cluster is generated, centroid of the new cluster will be updated. 

Algorithm 2.2: Single-linkage (SL) 

–In a 4-nearest connected neighbor, distance of two closest clusters’ nearest 

blocks is calculated. 

Post-processing: After clustering, the clusters within another cluster will be 

merged into the bigger one. And if a cluster’s size is too small, it will be merged to its 

nearest neighbor. 

We compare the clustering results by different algorithms in Table  in Section 

4.3. We can see that the Single-linkage agglomerative clustering algorithm achieves the 

best results. 

 

4.3 Experimental Results 

4.3.1 Foreground Extraction 

In this section, we compare our foreground extraction results to the results in 

reference [66]. The three methods to be compared are Active MPEG-4 Object 

Segmentation (AMOS) [97], [98], video object segmentation (VOS) and our results 

(Ours). Since AMOS and VOS are done on the original video instead of the 

reconstructed video, we compare them with our results in low QP (QP=16) cases.  

AMOS is a semi-automatic video object segmentation algorithm [97], [98]. It 

requires the initial object definition i.e. object boundary to be provided by users by 
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mouse selected points around the target object. Then a snake algorithm refines the user 

input to fit a smooth boundary. The initial object is generated through a region 

segmentation and aggregation process. To extract homogeneous regions in both color 

and motion, motion segmentation based on a dense motion field is used to further split 

the color regions. Homogeneous regions are classified as either foreground or 

background to form the object. Region aggregation is based on the coverage of each 

region by the initial object mask: regions that are covered more than a certain 

percentage are grouped into the foreground object. The final contour of the semantic 

object is computed from foreground regions. VOS [66] is an automatic segmentation 

framework that blends the advantages of color, texture, shape, and motion based 

segmentation methods in a computationally feasible way. A spatio-temporal data 

structure is first constructed for each group of video frames, in which each pixel is 

assigned a feature vector based on low-level visual information. Then, the smallest 

homogeneous components, so called as volumes, are expanded from selected marker 

points using an adaptive, three-dimensional, centroid-linkage method. Self-descriptors 

that characterize each volume, and relational descriptors that capture the mutual 

properties between pairs of volumes are determined by evaluating the boundary, 

trajectory, and motion of the volumes. These descriptors are used to measure the 

similarity between volumes based on which volumes are further grouped into objects. A 

fine-to-coarse clustering algorithm yields a multi-resolution object tree representation as 

an output of the segmentation. Although VOS can achieve accurate results, but it needs 

to process a group of frames at the same time, which will lead to a longer delay. 
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We compare AMOS with an objective measure with the ground truth to measure 

the misclassification error in Figure 4.4. The misclassification error is calculated by the 

following equation for every frame in the sequence: 

∑ −=
p

pixel pRSpGS
tR

tE ))(())((
)(

1)( , 





=
pixel foreground a is ,1
pixel background a is ,0

)(
x
x

xS  

)( pG  is the binary ground truth of pixel p, )( pR  is extracted foreground 

result, )(tR  is the number of pixels inside the foreground.  

From the results shown in Figure 4.4, we can see that our algorithm can achieve 

much lower misclassification error with more consistent extraction along the sequence. 

The comparison of extracted foreground on test sequences “Children” and 

“Bream” is shown in Figure 4.5. In this figure, the red areas in the images show 

underextracted pixels, which are missed. The cyan areas corresponds the overextracted 

pixels. White with cyan areas are the extracted foreground. The results of AMOS and 

VOS are from reference [66]. We can see that our result can be obtained for each frame, 

which leads to shorter delay. And its performance is much better than AMOS, and 

closed to VOS. 
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(a) 

 
 (b) 

Figure 4.4 Misclassification errors of the proposed algorithm compared with AMOS on  
sequences of (a) Bream and (b) Children. 
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Ours 

VOS 

AMOS 

Ours 

VOS 

AMOS 

 
Frame 1         Frame 26       Frame 101      Frame 116     Frame 136 

Figure 4.5 Comparisons of Foreground Extraction Algorithms: Foreground objects for  
frame 1, 26, 101, 116, 136 of Bream and Children.  

 
4.3.2 Foreground Objects Clustering Segmentation 

In this section, we compare the results of three clustering algorithms for 

foreground objects segmentation described in Section 3. 

The three clustering algorithms are divisive clustering (DC), centroid-linkage 

agglomerative clustering (CL) and single-linkage agglomerative clustering (SL). The 
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results of different views of sequence “Flamenco1” (This set of sequences is obtained 

from KDDI [44]) are presented in Table 4.2. In these results, different objects are 

contoured by different color of boundaries. From these results, we can see that DC have 

very scattered segments, because in DC, the connectivity of the clusters are not 

considered. In CL, the results are oversegmented, and inconsistent among different 

views. SL can achieve the best segmentation objects and consistent results for different 

views. Even thought there are some misssegmentation in the shadows and boundary 

region of objects, the majority objects can still be segmented correctly by SL. 

Table 4.2 Comparison of different clustering algorithms (QP=16). 

 View 0 View 1 View 2 

DC 

CL 

SL 

Then, we present the segmentation results along a sequence (view1 of 

“Flamenco1”) by single-linkage agglomerative clustering in Table 4.3, where FG 
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represents results of extracted foreground and OBJs represents resulting objects. From 

the results, we can see our algorithm for foreground extraction can achieve satisfying 

segmented objects. And most of our results of objects are consistent along the sequence. 

Table 4.3 The segmentation results of subsequence sequence with QP=16. 

 Frame 1 Frame 3 Frame 6 

FG 

OBJs 

 Frame 9 Frame 10 Frame 12 

FG 

OBJs 

 



 

 68

We also present the segmentation results of encoded BV with different QPs in 

Table 4.4. From these results, we can see that our algorithm can achieve satisfying and 

consistent results with different QPs. 

Table 4.4 Segmentation results of encoded BV with different QPs. 

QP MV Field Reconstructed Frame Segmented Results 

16 

28 

32 

40 

 
4.3.3 Computational Complexity 

In our segmentation algorithm, the foreground extraction process is in pixel 

when QP≤30 or in block when QP>30, and the clustering process is in block unit, they 
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are only done in I frame of each GoGOP of the BV, the complexities of them can be 

negligible compared to the ME and DE in other views. For the following P frames, 

segmentation masks are simply obtained by inheriting segmentation masks of the pixel 

in the previous frame indicated by its motion vector. This process also consumes low 

complexity.  

In order to verify the low complexity of our segmentation algorithm, we 

perform our segmentation process on different sequences, including Bream, Children, 

Flamenco1, Flamenco2, and breakdancers. All experiments were taken on a Dell 

Precision 530 workstation with single 2.0GHz Xeon processor, 1GB RAM, and 

Windows 2000 system. The computational complexity results of Bream sequence with 

resolution 176×144 is shown in Figure 4.6, average computational complexity results of 

segmentation in I frames of Flamenco1 view1 (320×240) under different QPs are 

illustrated in Figure 4.7. The average execution time of segmentation of Flamenco1 

View1 sequence is list in Table 4.5. The results of other sequences yield similar results. 

From Figure 4.6 and Table 4.5, we can see that the most computation load of 

segmentation algorithm exist in I frames, the computation of the process in P frames 

can be negligible. Figure 4.7 and Table 4.5 show that the pixel-based foreground 

extraction under low QP in I frame consumes the most computational time, range in 

33~41 ms. The block-base foreground extraction under high QP in I frame, object 

clustering, and other processes (including MV re-projection, etc) consume 1.4~6 ms. 

The total time in I frame in Flamenco1 ranges in 7.8~50 ms per frame, equivalent to 

20~128 Frames per second. The total time in P frame in Flamenco1 averages in 2 ms 
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per frame, equivalent to 500 Frames per second. The results verify that our algorithm 

achieves low complexity. 

Computational complexity of segmentation for Bream (QP=16)
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Figure 4.6 Computational complexity of video object segmentation for Bream (QP=16). 
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Figure 4.7 Average computational complexity of segmentation in I frames of 
 Flamenco1 view1. 

 
 



 

 71

Table 4.5 Average Execution Time of Segmentation of 320×240 Flamenco1 View1 
 (ms) 

I frame 
QP Foreground 

Extraction 
Object 

Clustering Others Total 
P 

frame 

16 39.72 3.49 4.69 47.90 2.05 
20 41.08 4.14 4.15 49.37 2.05 
24 32.99 4.47 3.97 41.42 2.03 
28 39.50 3.17 5.95 48.62 2.04 
32 4.10 1.40 2.43 7.93 2.07 
36 3.88 2.07 2.23 8.18 2.05 
40 3.69 2.00 2.10 7.79 2.06 

 

4.4 Summary 

Object-based approaches in multi-view video coding (MVC) provide better 

inter-view prediction when video sequences have varying depths of objects. Usually, 

MVC segmentation algorithms are applied to every view of the video sequence, and 

segmentation masks are encoded and transmitted as side information, which increases 

the complexity and the output bit rate. In this chapter, we proposed an efficient video 

object segmentation algorithm based on pre-encoded information such as motion 

vectors and reconstructed intensity. These features can be also recovered in decoder. 

Therefore, when we applied the proposed algorithm to the pre-encoded base view video 

in our object-based MVC, no segmentation masks need to be encoded; the decoder can 

perform the same procedure to obtain the same object masks for decoding. Thus, the 

overhead of the complexity and bit rate from segmentation are limited. Unlike other 

segmentation algorithms need the pre-encoded information of the whole GOP [54], our 

algorithm segments the objects based on the information in each frame, which promotes 
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“low delay coding” when it is applied to MVC. It is worth noting that, not limited to 

MVC applications, the proposed segmentation algorithm can be applied to other 

applications with pre-encoded video sequences, such as object tracking and 

enhancement in surveillance systems, computerized recognition systems, medical 

applications, content compositions, and object retrieval in video database systems. 

The experiment results showed that the proposed algorithm provides satisfying 

results with lower complexity. In addition, our object-based MVC with the proposed 

algorithm achieves high coding efficiency and low complexity. 
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CHAPTER 5 

ENHANCEMENT VIEWS CODING IN SWEEP 

 

5.1 Inter-view Video Object Registration and Warping 

Once the objects and background of BV are identified, we register them to each 

EV to obtain the transform parameter sets. In video object registration, the commonly 

used transforms to model the camera motion are translation transform, affine transform 

and perspective transform. But the numbers of parameters of affine transform and 

perspective transform are large and cannot be obtained easily without complex 

calculation. Since the proposed method requires these parameters to generate the initial 

DM (which will be refined in DE in coding of the EV), the accuracy requirement for the 

transform is not strict. Therefore, for simplicity and low complexity purposes, we use 

translation transform to approximately model the object transform between views in this 

stage. That is, we assume that the initial disparity vectors of each pixel within one 

object k have the same value as ),( ktktkt DVYDVXDV = , in which DVXkt represents the 

horizontal displacement of k and DVYkt represents the vertical displacement of k at time 

t. 

For each object, we chose the centroid point (CP) to represent the object. Then, 

in the I frame of BV, we search with an area N of 16×16 object block center to the CP 

with coordinate ),( CPkCPk yx  in a search window, and obtain the best match area with the 
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lowest Sum of Absolute Differences (SAD) in the EV, obtain the initial disparity vector 

of this object. That is: 

)),(),((minarg
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where ),( yxIbt is a pixel in the BV at time t, ),( yxIet is a pixel in the EV at time t. 

In the P frames of BV, for each object, the initial disparity vector of CP is 

predicted by its motion vector, and refined in a small search range. 

Object Warping: 

By using the initial disparity vector of each object, we warp them to generate 

the prediction of the corresponding frame, the initial DM and the initial MVF of E. We 

make the following assumptions: Pet(x,y) is the pixel value at point (x,y) in the inter-

view prediction frame of the EV from object warping at time t; IDVMXet(x,y) and 

IDVMYet(x,y) are, respectively, the horizontal and vertical displacements of initial 

disparity map of the EV to the BV at time t; IMVFXet(x,y) and IMVMYet(x,y) are 

respectively the horizontal and vertical displacements of the initial predictive MV of EV 

at time t; MVFXmt(x’,y’) and MVMYmt(x’,y’) are, respectively, the horizontal and vertical 

displacements of corresponding MV of BV at time t, W is the width of a frame, and H is 

the height of the frame. This leads to the following equation: 
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Next, we patch the predicted areas with object warping together in the order of 

distances to the background and generate the object warping prediction frame of the 

corresponding frame of the EV (we assume that the moving objects are between the 

background and the camera). The object warping prediction frame contains some black 

areas, which are occlusion areas; these areas are extrapolated by using neighbor warped 

background pixels: 

Let N be an m-by-m neighborhood centered at a point (x, y) in the black areas, 

the new intensity f(x, y) of the point (x, y) is calculated by the following intensity 

diffusion equation [15]: 
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where g(p, q) is the intensity of neighborhood pixel and S is the sum of non-zero 

pixels in N. This process will be performed by iteratively applying this equation until 

there are no black areas in the generated prediction. 

The prediction results of object warping from BV respecting to each EV of 

Flamenco1 sequences [40] are shown in Table 5.1. From these results, we can see that 
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the warped objects in the object warping prediction frames are very close to positions of 

the objects in the corresponding frames in EVs. 

Table 5.1 Prediction of object warping from BV. 

 Original Prediction of object 
warping from BV Initial DV map 

Vi-
ew 0 

Vi-
ew 2 

Vi-
ew 3 

 

5.2 Base View Segmentation Guided Estimation and Prediction  

After we generate the initial DM and initial MVF of EV from BV, we can use 

them to constrain the search range in the ME and DE in EV coding to achieve bit saving 

and lower complexity.  

The detailed estimation and prediction modules of EV coding are shown in 

Figure 5.1. In this figure, DM is refined based on the initial DM in DE. The center of 

the searching for each block is indicated by the initial DM, and the searching is applied 
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in a small range (In experiments in Section 6, we set to 16): the searching is centered at 

the point ),( CC YX  in the BV for a block with left-top coordinate (x,y) in a frame in EV: 

)),(),,((),( yxIDVMYyyxIDVMXxYX etetCC ++=  

Only differences of the refined DM and the initial DM are encoded to achieve 

bit saving.  

In the ME in Figure 5.1, the initial MV of a block is predicted by the motion 

vector of the corresponding block in the concurrent frame in the BV indicated by initial 

DM. If the predicted MV is zero, then the block is very likely in the static area, so its 

search range is set to a very small value (In experiments in Section 6, we set to 4), so 

that lower complexity ME can be achieved in EVs: 



 ==

=
Otherwiserangesearchoriginal

yxIMVFYandyxIMVFX
yxRangeSearchME etet
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0),(,0),( if,4

),(__  

After DE and ME are done, we perform motion compensation and disparity 

compensation. Then according to the rate distortion optimization, we encode each MB 

in EV with the prediction choosing among object warping prediction, block-based DCP, 

MCP, and IFP. 
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Figure 5.1 The estimation and prediction modules. 

 
5.3 Fast Mode Selection with Key Vector Fields in Various Predictive Structures 

5.3.1 Comparison of various MVC predictive structures 

In a practical scenario, multi-view video systems involving a large number of 

cameras might be built using heterogeneous cameras, or cameras that have not been 

perfectly calibrated. This leads to differences in luminance and chrominance when the 

same parts of a scene are viewed with different cameras. Moreover, camera distance and 

positioning also affects illumination, in the sense that the same surface may reflect the 

light differently when perceived from different angles. Under these scenarios, 

luminance and chrominance differences will decrease the efficiency of inter-view 

prediction [75]. Therefore, temporal correlation is much higher than inter-view 

correlation [18], thus most of the compression gain of MVC from inter-view prediction 

is the inter-view prediction at anchor frames. 
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On the other hand, in the hierarchical B-frames structure based MVC used in 

reference software Joint Multi-view Video Model  (JMVM) [84] by AHG on MVC, 

most frames are coded by B frames, which are predicted bi-directionally in temporal or 

inter-view domain. These structures take more advantages from temporal redundancy 

within views; therefore, temporal prediction is more likely to be chosen in rate-

distortion optimization during coding than inter-view prediction in MVC. The 

complexity of these structures are extremely high, because most frames are coded as B 

frames. 

We compare compression and complexity of three different MVC predictive 

structures based on hierarchical B-frames with different extend of inter-view prediction 

with different complexity. The first structure is the default MVC structure in JMVM as 

shown in Figure 5.2. For random access purpose, in this structure, multi-view video 

sequences are coded in an open GoGOP structure. Each GoGOP contains fix number of 

frames (for example, 8 frames are in one GoGOP of each view) in temporal domain of 

multiple views, one view (S0) is coded independently as BV and provides reference to 

other views. Other views are EVs, which are predicted from BV or other EVs. The first 

frame of each view in one GoGOP is anchor frame, such as the frames at time T0, T8 in 

Figure 5.2, other frames are non-anchor frame. Anchor frames are either coded by intra 

prediction or inter-view prediction. Non-anchor frames are hierarchically predicted bi-

directionally either temporally or spatially cross views. There are two types inter view 

prediction for EVs, one is mono-directionally prediction from base view or other mono-

directionally predicted views, such as Views S2, S4, S6 and S7 in Figure 5.2, these 
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views can provide reference to other EVs, we call them as MD (mono-directional) 

views; the other is bi-directionally prediction from two neighbor views, examples are 

Views S1, S3 and S5 in Figure , we call them as BD (bi-directional) views. In this 

default structure, inter-view prediction is only performed at anchor frames in MD views. 

For BD views, inter-view prediction is performed at both anchor frames and non-anchor 

frames. 

Anchor Frames

Enhancement 
 Views 

Base View 

GoGOP

Time

View 

 

Figure 5.2 Default MVC predictive structure in JMVM. 

Second predictive structure is shown in Figure 5.3 with all inter-view prediction 

in all EVs, i.e. inter-view prediction is performed at both anchor frames and non-anchor 
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frames in both MD views and BD views. Inter-view prediction is exploited only in all 

frames. 

Figure 5.4 shows the third predictive structure in which inter-view prediction is 

performed at anchor frames in both MD views and BD views. Non-anchor frames are 

predicted within its own views. This means inter-view prediction is exploited only in 

anchor frames. 

Anchor Frames

Enhancement 
 Views 

Base View 

GoGOP

Time

View 

 

Figure 5.3 Predictive structure with All inter-view prediction. 
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Anchor Frames

Enhancement 
 Views 

Base View 

GoGOP

Time

View 

 

Figure 5.4 Predictive structure with inter-view prediction in only anchor frames. 

These three structures provide different degree exploitations of inter-view 

prediction thus have different computational complexity. We summarize these three 

structure in Table 5.2. 

Table 5.2 Comparison of predictive structures. 

MVC ALL Aonly 
Predictive 
structure Anchor 

frames 

Non-
anchor 
frames 

Anchor 
frames 

Non-
anchor 
frames 

Anchor 
frames 

Non-
anchor 
frames 

Prediction 
in BV IBP 

IBP, bi-
direc-
tional 
MCP 

Same as “MVC” 
structure 

Same as “MVC” 
structure 
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Table 5.2 – Continued. 

Prediction 
in MD 
view 

IBP, 
mono-

directiona
l DCP 

IBP, bi-
direc-
tional 
MCP 

Same as 
“MVC” 
structure 

IBP, bi-
direc-
tional 
MCP, 
mono-
direc-
tional 
DCP 

Same as “MVC” 
structure 

Prediction 
in BD 
view 

IBP, bi-
directiona

l DCP 

IBP, bi-
direc- 
tional 

MCP, bi-
direc-
tional 
DCP 

Same as “MVC” 
structure 

Same as 
“MVC” 
structure 

IBP, bi-
directional 

MCP 

Com-
pression 

efficiency 
Medium High Low 

Com-
plexity Medium High Low 

 

We experimentally evaluation these three structures in terms of compression 

efficiency and complexity by coding 8 views sequences Flamenco1 and Race1 on a Dell 

Precision 530 workstation with single 2.0GHz Xeon processor, 1GB RAM, and 

Windows 2000 system. The results of average PSNR vs. Average bitrate of each view 

by various predictive structures with different sequences are shown in Figures 5.5 and 

5.6, and comparison of their complexity in term of encoding execution time is shown in 

Figure 5.7. These results show that “ALL” structure exploits highest degree of inter-

view prediction, therefore has highest compression gain but suffers from highest 

complexity. “Aonly” structure has lowest compression gain but also is far less complex. 



 

 84

“MVC” structure has medium compression efficiency with medium complexity. 

However, “ALL” structure does not obtain significant improvement in compression 

efficiency compared to other two structures, especially in “Race1” sequences, due to the 

imperfect calibration of the cameras. These results verify that most of compression gain 

of MVC from inter-view prediction is at anchor frames, involving more inter-view 

prediction does not necessarily result in significant compression gain but much higher 

computational complexity. Efficient coding schemes with better tradeoff between 

compression efficiency and complexity are critical in MVC. 
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Figure 5.5 PSNR vs. bitrate comparison of various prediction structures  
when coding  Flamenco1 
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Figure 5.6 PSNR vs. bitrate comparison of various prediction structures  
when coding Race 1 
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Figure 5.7 Complexity comparison of various prediction structures. 
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5.3.2 Fast Mode Selection with Key Vector Fields 

From the discussion in the previous Section, we conclude that most of 

compression gain of MVC from inter-view prediction is at anchor frames, involving 

more inter-view prediction does not necessarily result in significant compression gain 

but much higher computational complexity in the hierarchical B-frames structures. 

Therefore, different prediction structures with different tradeoffs between coding 

efficiency and complexity will be applied for different applications. DCP is not 

necessary performed at every frame in EVs.  

On the other hand, since most frames in the hierarchical B-frames structure 

based MVC are coded in B frames, the complexity is extremely high even in “Aonly” 

structure. For each B frame, there are multiple modes can be chosen to encode each MB. 

There are two lists of reference frames for one B frame, forward and backward either in 

the same view or cross view or both. Each MB has two MVs pointing to reference 

frames. Besides intra prediction, the prediction can be from only forward reference 

frame or only backward reference frame or from both of them. For each direction, 

different MB partitions can be used, including Direct, INTER-16×16, INTER-16×8, 

INTER-8×16, INTER-8×8 for MB and additional INTER-8×8, INTER-8×4, INTER-

4×8, and INTER-4×4 for submacroblock (sMB). Thus, the combination of modes from 

different directions is very high. For each mode in MCP and DCP, ME will be 

performed to search for best vector. The encoder checks through all modes and selects 

the best mode for each MB to maximize compression efficiency and subjective quality. 

Therefore, the complexity in B frame coding is extremely high. 
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Due to the high similarity of the scene in multi-view video system, coding 

information in reference views can be exploited in EVs coding. 

In the structures described above, we can see that most inter-view prediction is 

at anchor frames, and temporal correlation of the scene can be obtained in BV. So the 

disparity vector field and motion vector field in BV are the main source of coding gain 

in one GoGOP, we call these vector field as key vector fields. In this Section, we 

propose a fast mode selection scheme for non-anchor frames in EVs based on key 

vector fields. 

We analyze the modes in “Aonly” structure, and observe that the percentages of 

modes for each MB in B frames of non-anchor frames are very close in different views 

and a considerable percentage of MBs are coded in Direct mode. For example, we list 

the results of Flamenco1 in Table A.1. This suggests that if a MB is coded in Direct 

mode, its corresponding MB in other views are most likely to be coded in Direct mode 

or large size mode (Inter_16x16). And we can also observe that when QP increases, 

percentage of Direct mode also increases. However, due to the tradeoff between coding 

efficiency and complexity, not every non-anchor frame uses DCP, so we need to find 

the correlation between views in non-anchor frames from the disparity vector field in 

anchor frames.   

Since corresponding MBs in different views may not at the grid point of MB, it 

is complicated to use coded mode of one MB in one view to directly predict the coding 

mode in other view. Therefore, we use MVF in reference view to pre-select candidate 
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modes in EV coding. The MVC scheme with the proposed fast mode selection 

algorithm works as follows: 

1) Encode BV and storing MVF of BV for EV coding; 

2) Apply SWEEP to encode anchor frames in EVs; 

3) For each EV, re-project DVF in anchor frames using the similar method 

described in [54]; 

4) Predict DVF in reference view pointing to current EV through MVF in 

reference view; Since non-anchor frames of reference view are B frames, if 

the current MB is predicted bi-directionally, then DV of this MB will take 

average of the DVs in both directions. 

5) Warp MVF through predicted DVF of reference view to EV as initial MVF; 

6) Use initial MVF to pre-select candidate coding modes of EV: if the 

percentage of zero MVs in initial MVF in one MB is greater than a threshold, 

this MB is likely to be in the background with less motion or smooth area, 

and likely to be coded with Direct mode or Inter_16x16 mode. Therefore, 

only Direct mode and Inter_16x16 mode are tested in this MB. The initial 

MVF can be also used as starting searching points in ME. 

 

5.4 Experimental Results 

5.4.1 Evaluation of Different Schemes 

In order to verify the effectiveness of the proposed scheme, we apply SWEEP 

on three different multi-view video sequences: 
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1. The 4 views (view 0~3) in Flamenco1 sequences with resolution of 

320×240 provided by KDDI [44] with 1D parallel camera arrangement 

(Figure 5.8 (a)). In the experiment, we set view 1 in the middle (Figure 

5.8 (b)) as BV, other views are EVs.  

2. The 5 views (view 0~4) in Flamenco2 sequences with resolution of 

320×240 provided by KDDI [44] with 2D parallel crossing camera 

arrangement (Figure 5.9 (a)). In the experiment, we set view 2 (Figure 

5.9 (b)) in the middle of the cross as BV, other views are EVs.  

3. The 8 views (view 0~7) in Breakdancers sequences with resolution of 

256×192 (downsampled by us) provided by Microsoft research [54] with 

1D arc camera arrangement (Figure 5.10 (a)). In the experiment, we set 

view 3 (Figure 5.10 (b)) in the middle as BV, other views are EVs. 

For comparison purpose, we also implemented three other MVC schemes, 

including an MVC scheme with the same prediction structure in Figure 3.1 but without 

segmentation, which is represented by No_SEG in the results, a scheme encoding each 

EV with only DCP from the concurrent BV, which is represented by DCP_only in the 

results, and a simulcast scheme encoding each view independently by H.264/MPEG-4 

AVC encoder. Our experiments were taken with the codec based on H.264/MPEG-4 

AVC reference software version JM10.1 on a Dell Precision 530 workstation with 

single 2.0GHz Xeon processor, 1GB RAM, and Windows 2000 system. The encoding 

parameters are indicated in Table 5.3. In the experiments results, we only show the 

results of Y component coding. In order to verify the efficiency of the proposed 



 

 90

algorithm on complexity reduction, we use full search in both ME and DE in our 

experiments. 

The encoding performance results including average output bit-rate, PSNR and 

coding time of EVs of Flamenco1 are shown in Table A.2 and Figure 5.11; the 

comparisons of average bit-rate saving and speedup of coding time are shown in Tables 

5.4, 5.5 and Figure 5.12 respectively. The corresponding average results of EVs of 

Flamenco2 are shown in Tables A.3, 5.6, 5.7, Figures 5.13 and 5.14. The corresponding 

average results of EVs of Breakdancers are shown in Tables 5.8, 5.9, 5.10, Figures 5.15 

and 5.16. 

Table 5.3 Encoding Parameters. 

Feature / Tool / Setting Coding parameters 

Frame rate (fps) 30 

Enabled inter block search 16×16, 16×8, 8×16, 8×8, 8×4, 4×8, 4×4 

RD optimization Yes 

Special specification Hadamard transform 

Search range ±32 in ME, ±64 in DE 

Num of Reference picture 1 (can be extended to multiple) 

Frequency of I-frame 1/15frames  

GOP Structure IPPP… 

GoGOP Size N×15 frames, N is the number of the views 
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Figure 5.8 Camera arrangement and base view of Flamenco1  
(a) Camera arrangement (1D parallel), (b) View 1 as base view (320×240). 
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Figure 5.9 Camera arrangement and base view of Flamenco2  
(a) Camera arrangement (2D parallel/cross), (b) View 2 as base view (320×240). 
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Figure 5.10 Camera arrangement and base view of Breakdancers 
(a) Camera arrangement (1D parallel/arc), (b) View3 as base view (256×192). 

 
Table 5.4 Average bit-rate saving comparison for EVs of Flamenco1. 

Average Bit-rate Savings relative to:Algorithms Simulcast DCP_only NO_SEG 
DCP_only -39.41% - - 
NO_SEG 34.68% 52.30% - 
SWEEP 37.45% 54.16% 4.32% 
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Table 5.5 Average speedup comparison for EVs of Flamenco1. 

Average Speedup relative to: Algorithms 
Simulcast DCP_only NO_SEG 

DCP_only 0.31 - - 
NO_SEG 0.23 0.73 - 
SWEEP 0.49 1.57 2.15 

 

 

 
Figure 5.11 Rate-PSNR curves of EVs of Flamenco1. 
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Average Coding Time of Enhance Views of Flamenco1

0.000

1.000

2.000

3.000

4.000

5.000

6.000

7.000

8.000

9.000

10.000

16 20 24 28 32 36 40
QP

T
im

e 
(s

p
f)

Simulcast

DCP_only

No_SEG

SEG_DESWEEP 

Average Coding Time of EVs of Flamenco1 

 
Figure 5.12 Average coding time of EVs of Flamenco1. 

 
Table 5.6 Average bit-rate saving comparison for EVs of Flamenco2. 

 Average Bit-rate Savings relative to:
Algorithms Simulcast DCP_only NO_SEG 
DCP_only -2.57% - - 
NO_SEG 27.72% 29.66% - 
SWEEP 29.90% 31.79% 3.26%

 

Table 5.7 Average speedup comparison for EVs of Flamenco2. 

 Average Speedup relative to: 
Algorithms Simulcast DCP_only NO_SEG 
DCP_only 0.24 - - 
NO_SEG 0.18 0.76 - 
SWEEP 0.50 2.08 2.72 
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Figure 5.13 Average Rate-PSNR curve of EVs of Flamenco2. 
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Figure 5.14 Average coding time of EVs of Flamenco2. 
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Table 5.8 Average coding results of EVs of Breakdancers. 

Average Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 2722.97 44.54 2891.80 44.46 2638.04 44.41 2636.42 44.43 3.18% 8.83% 0.06%
20 1501.32 40.77 1675.26 40.73 1403.33 40.67 1403.04 40.68 6.55% 16.25% 0.02%
24 744.68 38.05 882.27 38.03 658.20 37.95 656.12 37.96 11.89% 25.63% 0.32%
28 375.94 35.97 458.49 35.96 308.54 35.89 306.60 35.90 18.44% 33.13% 0.63%
32 209.89 34.01 244.00 33.95 162.12 33.93 161.20 33.96 23.20% 33.94% 0.57%
36 121.82 32.05 134.78 31.97 89.07 31.98 87.55 32.01 28.14% 35.04% 1.71%
40 71.02 30.02 78.56 30.04 50.31 30.04 48.11 30.08 32.26% 38.76% 4.38%

 

Table 5.9 Average bit-rate saving comparison for EVs of Breakdancers. 

Average Bit-rate Savings relative to:Algorithms Simulcast DCP_only NO_SEG 
DCP_only -13.67% - - 
NO_SEG 16.86% 26.65% - 
SWEEP 17.67% 27.37% 1.10% 

 

Table 5.10 Average speedup comparison for EVs of Breakdancers. 

Average Speedup relative to: Algorithms 
Simulcast DCP_only NO_SEG 

DCP_only 0.26 - - 
NO_SEG 0.21 0.78 - 
SWEEP 0.53 2.02 2.57 
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Figure 5.15 Average Rate-PSNR curve of EVs of Breakdancers. 
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Figure 5.16 Average coding time of EVs of Breakdancers. 
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Flamenco2 View1 @ 110Kbps
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Figure 5.17 Comparison of video quality of Flamenco2 view1 at 110Kbps. 
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Figure 5.18 Comparison of output bits of Flamenco2  
with similar average PSNR (32 dB). 
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(a)                                                                 (b) 

       
(c)                                                               (d) 

     
(e) 

Figure 5.19 Reconstructed Flamenco2 view 1 frame 29: (a) Original, 
(b) Simulcast (28.94dB @ 103Kbps), (c) DCP_only (28.54dB @ 101Kbps), 

(d) NO_SEG (31.57dB @ 100Kbps), (e) SWEEP (32.25dB @ 100Kbps). 
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Table 5.11 Average percentage of different predicted blocks in coding of EVs. 

NO_SEG SWEEP 

Sequences Number 
of EVs IFP MCP Inter-view 

prediction IFP MCP Inter-view 
prediction 

Gain in Inter-
view 

prediction 
Percentage 

Flamenco1 3 3.0% 89.1% 7.9% 3.1% 85.0% 11.9% 4.1% 
Flamenco2 4 2.4% 72.2% 26.4% 2.2% 68.7% 29.1% 2.7% 

Breakdancers 7 11.5% 66.1% 22.4% 12.8% 62.5% 24.7% 2.3% 
 

The results shown above lead to the following observations and remarks: 

1. The algorithms with DCP+MCP structure can provide considerably 

higher compression compared to the Simulcast and DCP_only structures 

in terms of bit rate saving and objective reconstructed quality of the 

video measured by PSNR. In most cases, the performance of DCP 

between views is inferior to that of MCP in Simulcast. 

2. SWEEP outperforms other three algorithms with the lowest bit-rates and 

highest PSNR value for all of the test sequences. With similar PSNR, 

SWEEP provides 17.67% to 37.45% average bit rate saving relative to 

Simulcast, 27.37% to 54.16% average bit rate saving relative to 

DCP_only and 1.10% to 4.32% average bit rate saving relative to 

No_SEG in EV coding for different sequences. For different views in the 

tested sequences, up to 53.87% bit-rate savings of SWEEP relative to 

Simulcast, 68.42% relative to DCP_only and 17.14% relative to 

NO_SEG are achievable. The comparison of the video quality of 

Flamenco2 view1 sequence by various schemes using the similar output 
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bit-rate (see Figure 5.17) verify that SWEEP performs better compared 

to the no-segmentation scheme and other schemes. The comparison of 

output bits of the same sequence with similar quality (see Figure 5.18) 

concur with that observation. 

3. From the results shown in Tables A.2, A.3 and 5.8, we can see that the 

improvement of compression efficiency of SWEEP over segmentation-

free scheme (NO_SEG) increases with lower bitrate. That is the SWEEP 

is more efficient in lower compression. Because in lower compression, 

object-warping prediction provides lower rate-distortion cost, it is more 

possible to be chosen in mode selection with RDO in encoding. 

4. The results of the average coding time for each frame of by the 

algorithms with (SWEEP) and without segmentation (NO_SEG) reveal 

that SWEEP effectively lowers complexity by ratio of 2.15~2.72 

compared to the algorithm without segmentation. 

5. Comparing the visual results of reconstructed frame of one of EVs of 

Flamenco2 in Figure 5.19 with comparable output bit rate, we note that 

SWEEP provides the best subjective quality of the reconstructed frame 

of EVs among all tested algorithms. 

6. The resulting DVs maps of the first frame (no MCP is used, so no MVs) 

of an enhancement view view0 of Flamenco1 by NO_SEG and SWEEP 

with different QPs are given in Table A.4 (the DVs in SWEEP results 

are the differential DVs of the refined DVs and the initial DV). The 
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results indicate that the number of zero DVs has significantly increased 

in SWEEP, while both the number and the size of nonzero DVs are 

decreased. Thus fewer bits are used in coding DVs. The average 

percentage of exploited different predicted blocks in coding of EVs by 

SWEEP and NO_SEG are given in Table 5.11 (inter-view prediction 

includes both block-based DCP and object warping prediction). The 

results show that the percentage of coding block with inter-view 

prediction has increased by 2.35%~4.1% with SWEEP, which verifies 

better exploitation of inter-view redundancy.  

 

5.4.2 Fast Mode Selection in Different Prediction Structures 

Our algorithm for fast mode selection is integrated in JVT reference software 

version JMVM 2.3. The experiments are performed on a Dell Precision 530 workstation 

with single 2.0GHz Xeon processor, 1GB RAM, and Windows 2000 system. The 

encoding parameters are indicated in Table 5.12. 

Table 5.12 Encoding Parameters for JMVM. 

Feature / Tool / Setting Coding parameters 

Frame rate (fps) 25 

Search mode FastSearch 

RD optimization Yes 
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Table 5.12 – Continued. 

Special specification Hadamard transform 

Search range ±96 

Search range for iterations 8 

GoGOP Size N×15 frames, N is the number of the views 

In the three structures based on the hierarchical B-frames structure, “ALL” 

structure has highest coding efficiency and computational complexity, and “Aonly” has 

lowest coding efficiency and computational complexity. Therefore, we apply our fast 

mode selection algorithm in “ALL” structure (denoted as “ALL with FM”) and “Aonly” 

structure (denoted as “Aonly with FM”). The results of average PSNR vs. Average 

bitrate of EVs by various predictive structures are shown in Figures 5.20 and 5.21, and 

comparison of their complexity in term of average encoding execution time in EVs is 

shown in Figure 5.22. From these results we can see that our fast mode selection 

algorithm well preserves the coding efficiency while reduces coding complexity in 

different structures, which verifies the accuracy of the proposed mode pre-select 

algorithm, as shown in Figure 5.23. However, complexity reduction ratio from fast 

mode selection based on key vector fields is not as high as other fast mode selection in 

single view coding. The reasons are that first, the occlusion area between views are 

much larger than that of different frames within the same view, the correlated area 

between views are small; second, the vector fields in video coding target to achieve 

high compression efficiency, the vectors are not necessary representing the true motion 
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of an object or displacement between views, therefore, the corresponding points related 

by vector fields are not necessary the true correlated points in the scene. 
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Figure 5.20 PSNR vs. bitrate comparison of EVs in various prediction structures  

with Flamenco1 sequences  
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Figure 5.21 PSNR vs. bitrate comparison of EVs in various prediction structures  

with Race1 sequences  
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Figure 5.22 Comparison of average encoding time of EVs with fast mode selection  
in various prediction structures. 
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 Figure 5.23 Accuracy of mode pre-selection in Flamenco1 EVs in “ALL” (QP = 27). 

5.5 Summary 

In this chapter, we proposed a simple yet an elegant enhancement views coding 

algorithm, aiming to exploit the camera geometry between views for different objects 

and background to achieve high coding efficiency and lower the prediction complexity. 

The experimental results showed that the proposed algorithm provides higher coding 

efficiency when compared to the segmentation-free scheme, while pertaining to lower 

computational complexity with better inter-view prediction.  

We also proposed a fast mode selection algorithm for hierarchical B frame 

structures based on key vector fields. Experimental results showed that our fast mode 
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selection algorithm well preserves the coding efficiency while reduces coding 

complexity in different structures. 
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CHAPTER 6 

CONCLUSIONS AND FUTURE WORK 

6.1 Summary of Major Contributions 

Redundancy exploitation for superior coding efficiency is one of the major 

research issues in multi-view video coding. However, the exploitation of more 

redundancies requires extra computation, counteracting the benefit gained from coding 

efficiency.  

In this dissertation, we proposed a simple yet an elegant object-based MVC 

scheme called SWEEP. In SWEEP, when coding enhancement views, additional to the 

conventional block-based DCP, the inter-view redundancy within objects was utilized 

to provide object-warping prediction as one more inter-view prediction. By object 

registration and warping, the initial disparity maps of different objects set up the initial 

correlation between enhancement views and base view, so that the known information 

of the scene from base view coding can be exploited in coding the enhancement views. 

With object warping prediction and the use of an initial disparity map, SWEEP reduces 

the bit rate for encoding enhancement views. Finally, with the information from base 

view coding and the initial correlation between enhancement views and the base view 

set up by the initial disparity map, SWEEP achieves lower complexity disparity 

estimation and motion estimation in enhancement views coding. Unlike traditional 

object-based video coding, in which segmentation needs to be applied to every view and 
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segmentation masks are encoded and transmitted as side information, SWEEP only 

applies segmentation to the base view by using the intensity of decoded frames and 

MVs, which can be also recovered in decoder. Therefore, no segmentation masks need 

to be encoded; the decoder can perform the same procedure to obtain the same object 

masks for decoding. Only the warping parameters for each object and background for 

each enhancement views are encoded. Thus, overhead of the complexity and bit rate 

from segmentation are limited. 

Our experimental results show that SWEEP provides significant gains over the 

segmentation-free scheme both in terms of coding efficiency and computational 

complexity reduction, SWEEP achieves up to 17.14% bit-rate savings in coding 

enhancement views, while lowering computational complexity by a ratio of 2.15~2.72. 

The results also demonstrate that SWEEP provides better inter-view prediction. 

Furthermore, we proposed a fast mode selection algorithm for hierarchical B frame 

structures MVC based on key vector fields. Experimental results show that our 

algorithm preserves the coding efficiency while reducing coding complexity in different 

structures. 

In the dissertation, we also proposed an efficient segmentation algorithm for 

SWEEP that combines the intensity of the reconstructed frame and motion vectors 

(MVs) obtained from the H.264/MPEG-4 AVC-coded base view in MVC. For intra-

frame segmentation, we proposed a pixel-based foreground extraction algorithm to be 

applied to encoded frames that have low QPs and a block-based foreground extraction 

algorithm for encoded frames that have high QPs. These extracted foregrounds are 
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subjected to clustering algorithms that use MVs and intensity characteristics to attain 

refined object masks. For inter frames, segmentation masks are inherited from the 

preceding frame’s MVs. The advantage of applying frame-based segmentation to MVC 

is that it promotes “low delay coding,” which can be very beneficial for real-time 

applications. The experimental results show that the proposed technique provides high 

quality and consistent segmentation masks with low computational complexity. 

 

6.2 Future Research Work 

Because multi-view video streams are captured by heterogeneous cameras or 

imperfectly calibrated cameras, the noise and distortion caused by the cameras are 

different, and the blurriness of different views is different [49]. In addition, the cameras 

from different views capture the same scene from different positions, so the reflection 

of lights from the scene might also different. These differences lead to mismatches of 

corresponding area across views. Hence, the difference between corresponding points 

from different cameras captured at the same time is normally larger than that of the 

difference between corresponding points at different times by the same camera. 

Therefore, how to efficiently exploit both the inter-view redundancy and coding 

information across views is one of the main research issues in MVC. 

On the other hand, video streams from different cameras have different 

blurriness/sharpness changes with respect to corresponding areas across views. This 

leads to another problem: how to evaluate the quality of MVC. In the current research, 

objective quality evaluation still uses metrics from single-view coding, where the 
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distortion is measured by the difference between the reconstructed video and the 

original video. However, in multi-view video systems, the noise and distortion caused 

by the capturing cameras are different, and human eyes will prefer to accept the quality 

of the video streams from low noise and distortion cameras. Objective quality 

evaluation by the difference between the reconstructed video and the original video may 

not suitable for MVC. Therefore, metrics to evaluate the quality in MVC is another 

open research issue. 

Due to the high similarity of the scenes in multi-view video system, finding 

ways to exploit coding information across views to achieve lower coding complexity 

remains an important research direction. We have made some efforts in this dissertation, 

and verified that coding information across views can effectively lower coding 

complexity in EV coding [86], [87], [88]. In future research, we can further combine the 

coding information across views as well as the coding information in the previous 

encoded frames within the same view to achieve more efficient coding schemes. 

To further increase coding speed, we should use parallel processing in MVC. 

There is a wide range of possible ways of exploiting parallelism, at the algorithm level, 

picture level, and video sequence level, both in software and hardware-based 

compression. However, as the dependencies of coding within one view and across 

views are far more complicated in MVC, different prediction structures for different 

applications have different dependencies. Therefore, the scheduling and mapping 

algorithms to achieve fastest execution time are attracting more and more research 

efforts [83]. 
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ADDITIONAL EXPERIMENTAL RESULTS 

 

Table A.1 Percentages of different coding modes in different views of Flamenco1. 

QP Views Direct Inter_16x16 Intra Other 
modes 

0 53.22% 19.13% 2.22% 25.43% 
1 54.81% 19.58% 2.01% 23.60% 
2 49.70% 19.21% 2.16% 28.93% 
3 50.99% 19.76% 2.07% 27.18% 
4 48.12% 20.03% 2.12% 29.72% 
5 52.29% 19.97% 1.93% 25.81% 
6 49.97% 20.27% 1.98% 27.78% 

17 

7 48.93% 20.60% 1.96% 28.51% 
0 63.81% 16.80% 1.63% 17.77% 
1 65.87% 16.61% 1.42% 16.10% 
2 60.36% 17.73% 1.58% 20.32% 
3 61.57% 17.76% 1.51% 19.17% 
4 58.96% 18.42% 1.50% 21.12% 
5 63.09% 17.74% 1.40% 17.78% 
6 60.82% 18.12% 1.41% 19.65% 

22 

7 60.51% 18.37% 1.44% 19.68% 
0 73.64% 13.67% 1.06% 11.63% 
1 75.47% 13.23% 0.96% 10.34% 
2 70.77% 15.01% 1.05% 13.17% 
3 71.87% 14.80% 0.90% 12.44% 
4 69.50% 15.78% 1.00% 13.72% 
5 73.52% 14.53% 0.88% 11.08% 
6 71.56% 14.98% 0.92% 12.54% 

27 

7 71.26% 14.95% 0.92% 12.88% 
0 81.93% 10.67% 0.53% 6.87% 
1 83.18% 10.35% 0.55% 5.92% 
2 79.78% 11.89% 0.59% 7.74% 

32 

3 80.86% 11.24% 0.52% 7.38% 
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Table A.1 – Continued. 

4 79.06% 12.45% 0.60% 7.89% 
5 82.15% 10.96% 0.54% 6.35% 
6 80.48% 11.77% 0.55% 7.21% 

 3    2 

7 80.56% 11.28% 0.60% 7.56% 
 

Table A.2 Coding performance of EVs of Flamenco1. 

View 0 Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 1226.24 46.67 1332.87 46.64 797.39 46.65 794.29 46.67 35.23% 40.41% 0.39%
20 697.66 44.72 829.35 44.54 456.14 44.58 451.65 44.60 35.26% 45.54% 0.99%
24 398.88 42.42 515.50 42.22 259.49 42.25 255.85 42.30 35.86% 50.37% 1.40%
28 225.47 40.13 311.17 39.84 145.86 39.86 141.15 39.89 37.40% 54.64% 3.23%
32 130.18 37.71 183.78 37.35 80.78 37.39 77.10 37.46 40.78% 58.05% 4.57%
36 77.33 35.40 112.70 35.11 48.48 35.09 44.97 35.18 41.85% 60.10% 7.24%
40 48.18 33.12 73.48 32.83 29.73 32.80 26.75 33.02 44.48% 63.59% 10.01%

View 2 Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 1347.34 46.74 1395.11 46.66 895.84 46.69 886.60 46.70 34.20% 36.45% 1.03%
20 782.17 44.61 875.76 44.42 522.85 44.48 515.90 44.50 34.04% 41.09% 1.33%
24 453.46 42.21 538.94 41.91 303.61 41.99 295.79 42.00 34.77% 45.12% 2.57%
28 254.86 39.73 315.37 39.36 166.20 39.42 159.27 39.44 37.51% 49.50% 4.17%
32 146.98 37.19 172.66 36.79 89.07 36.86 82.06 36.93 44.17% 52.48% 7.88%
36 85.02 34.88 102.48 34.53 50.22 34.54 44.58 34.70 47.56% 56.49% 11.22%
40 50.53 32.52 62.86 32.33 30.67 32.35 25.42 32.46 49.70% 59.57% 17.14%

View 3 Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 1392.56 46.45 1673.10 46.46 931.63 46.44 922.05 46.44 33.79% 44.89% 1.03%
20 805.79 44.41 1088.89 44.25 548.82 44.31 542.44 44.31 32.68% 50.18% 1.16%
24 474.22 42.05 715.86 41.86 329.39 41.89 321.96 41.90 32.11% 55.02% 2.26%
28 272.10 39.62 462.85 39.40 191.63 39.37 185.60 39.42 31.79% 59.90% 3.15%
32 159.65 37.10 289.06 36.87 109.20 36.84 105.59 36.91 33.86% 63.47% 3.30%
36 93.78 34.75 182.31 34.53 63.27 34.45 59.66 34.56 36.39% 67.28% 5.72%
40 56.74 32.39 114.59 32.14 37.34 32.11 36.18 32.24 36.22% 68.42% 3.09%
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Table A.2 – Continued. 

AVG Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 1322.05 46.62 1467.03 46.59 874.95 46.59 867.65 46.60 34.37% 40.86% 0.84%
20 761.87 44.58 931.33 44.40 509.27 44.46 503.33 44.47 33.94% 45.96% 1.17%
24 442.19 42.23 590.10 41.99 297.50 42.04 291.20 42.07 34.15% 50.65% 2.12%
28 250.81 39.83 363.13 39.53 167.90 39.55 162.01 39.58 35.41% 55.39% 3.51%
32 145.60 37.34 215.17 37.00 93.02 37.03 88.25 37.10 39.39% 58.99% 5.13%
36 85.38 35.01 132.50 34.72 53.99 34.69 49.74 34.81 41.74% 62.46% 7.88%
40 51.82 32.68 83.65 32.43 32.58 32.42 29.45 32.57 43.16% 64.79% 9.60%

 
 

Table A.3 Coding results of EVs of Flamenco2. 

View 0 Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 2342.13 45.922810.99 45.84 2229.92 45.81 2211.48 45.82 5.58% 21.33% 0.83%
20 1645.63 43.171935.66 43.02 1533.50 43.08 1516.66 43.09 7.84% 21.65% 1.10%
24 1122.58 40.251287.43 40.17 1014.90 40.22 999.03 40.24 11.01% 22.40% 1.56%
28 737.29 37.45 822.66 37.45 637.06 37.45 623.63 37.49 15.42% 24.19% 2.11%
32 450.42 34.50 487.25 34.53 363.22 34.52 354.18 34.59 21.37% 27.31% 2.49%
36 260.17 31.66 269.68 31.71 192.07 31.70 185.71 31.78 28.62% 31.14% 3.31%
40 140.23 28.97 143.22 29.05 95.99 29.05 89.41 29.15 36.24% 37.57% 6.86%

View 1 Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 2174.51 46.022203.29 45.90 1750.15 45.91 1735.70 45.93 20.18% 21.22% 0.83%
20 1492.82 43.321388.52 43.19 1098.65 43.27 1087.55 43.27 27.15% 21.68% 1.01%
24 1011.33 40.49 851.80 40.48 665.70 40.53 654.86 40.56 35.25% 23.12% 1.63%
28 666.87 37.75 510.89 37.81 385.64 37.82 379.76 37.87 43.05% 25.67% 1.52%
32 412.86 34.82 291.47 34.95 209.07 34.93 201.51 34.97 51.19% 30.86% 3.62%
36 243.22 31.98 181.03 32.15 120.31 32.11 112.20 32.17 53.87% 38.02% 6.74%
40 133.67 29.20 112.45 29.40 70.88 29.36 63.58 29.46 52.44% 43.46% 10.30%

View 3 Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 2442.61 45.782627.66 45.72 1991.46 45.68 1973.34 45.70 19.21% 24.90% 0.91%
20 1720.29 43.021772.94 42.92 1319.22 42.95 1306.46 42.97 24.06% 26.31% 0.97%
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Table A.3 – Continued. 

24 1184.06 40.101169.31 40.07 850.90 40.08 833.61 40.10 29.60% 28.71% 2.03%
28 788.06 37.27 766.19 37.28 533.67 37.27 519.84 37.30 34.04% 32.15% 2.59%
32 487.84 34.31 474.84 34.34 310.23 34.28 297.62 34.34 38.99% 37.32% 4.07%
36 288.24 31.48 294.74 31.44 179.45 31.40 167.46 31.43 41.90% 43.18% 6.68%
40 159.79 28.71 177.48 28.69 101.93 28.63 90.60 28.71 43.30% 48.95% 11.11%

View 4 Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 2617.31 45.622964.32 45.54 2204.44 45.51 2187.42 45.53 16.43% 26.21% 0.77%
20 1845.06 42.782039.59 42.67 1481.31 42.70 1467.27 42.72 20.48% 28.06% 0.95%
24 1268.18 39.811371.63 39.76 963.93 39.75 951.78 39.78 24.95% 30.61% 1.26%
28 837.54 36.92 900.30 36.89 605.98 36.87 594.62 36.90 29.00% 33.95% 1.87%
32 511.44 33.90 545.81 33.90 346.26 33.84 335.18 33.87 34.46% 38.59% 3.20%
36 295.73 31.02 327.81 31.02 195.58 30.94 185.30 30.99 37.34% 43.47% 5.26%
40 162.26 28.37 188.98 28.29 105.07 28.20 97.83 28.30 39.71% 48.23% 6.89%

AVG Simulcast DCP_only No_SEG SWEEP Bit-rate Savings of SWEEP 
relative to: 

QP bitrate 
(Kbps) 

PSNR
(dB) 

bitrate 
(Kbps) 

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB)

bitrate 
(Kbps)

PSNR
(dB) Simulcast DCP_only No_SEG

16 2394.14 45.842651.57 45.75 2043.99 45.73 2026.99 45.75 15.34% 23.56% 0.83%
20 1675.95 43.071784.18 42.95 1358.17 43.00 1344.49 43.01 19.78% 24.64% 1.01%
24 1146.54 40.161170.04 40.12 873.86 40.14 859.82 40.17 25.01% 26.51% 1.61%
28 757.44 37.35 750.01 37.36 540.59 37.35 529.46 37.39 30.10% 29.41% 2.06%
32 465.64 34.38 449.84 34.43 307.20 34.39 297.12 34.44 36.19% 33.95% 3.28%
36 271.84 31.53 268.31 31.58 171.85 31.54 162.67 31.59 40.16% 39.37% 5.34%
40 148.99 28.81 155.53 28.86 93.47 28.81 85.35 28.90 42.71% 45.12% 8.68%

 
Table A.4 Disparity maps in the first frame of view0 (EV) of Flamenco1  

with different QPs. 

QP NO_SEG SWEEP 

16 
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Table A.4 – Continued. 

24 

28 

32 

40 
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