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Abstract 

This Ph.D. thesis offers a perspective of the theory, applications, and implementation of 

motion modeling and segmentation in compressed video. The research effort is devoted 

to retrieving object motion information from compressed video and producing images 

with desired spatial and temporal resolutions. 

On the theoretical side, this research project attempts to model motion and retrieve 

substantial information about objects in 3D real-life scenes from compressed 2D images, 

and develop techniques to reconstruct an image that fits into the same perspective of the 

sequence with desired temporal and spatial resolutions, which might or might not 

conform to those of the original sequence. 

From an application perspective, three types of scenarios are then classified: 1) frame 

prediction, 2) frame interpolation and 3) frame resizing. Scenario 1) involves temporal 

causal processing where video data from the past is used, while scenario 2) is temporal, 

noncausal processing where both past and future video data are exploited. A variety of 

video applications can be found in either of these two scenarios, e.g., predictive 

decoding for delay reduction, whole-frame error concealment, playout buffer control for 

video streaming, frame rate up-conversion, and so on. Scenario 3) is spatial processing 

for producing a frame with desired spatial resolution, e.g., super-resolution 

reconstruction of compressed video. 

State-of-the-art block-based video codecs are targeted for the implementation and 

evaluation of the effectiveness of the proposed system.    

Keywords:  Motion Modelling; Object Segmentation; Frame Synthesis; Super-
Resolution; Predictive Decoding of Video; Frame Rate Up-Conversion;  
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1. Introduction 

1.1. Background and Motivation 

This Ph.D. work focuses primarily on motion modelling and segmentation in 

compressed video with applications, that is, retrieving local and global motion 

information for moving objects from compressed video, and applying it to synthesize 

video frames in a desired temporal and spatial resolution. 

Video nowadays serves much more than a way of entertaining. Its applications 

have reached out to many fields, such as security and communications, and demands 

for good quality and manageability have been increasing accordingly. Video 

compression is often used to facilitate both storage and transmission. To manage the 

explosive growth of video compression techniques, the ISO and ITU-T have been 

actively standardizing video compression since 1980s, and have come up with various 

standards, such as MPEG-1, MPEG-2, MPEG-4, H.261, H.263 and H.264.  

State-of-the-art video compression approaches are mostly constructed with a 

block-based architecture, i.e. the input image is partitioned into small blocks, and 

temporal/spatial redundancies are removed on a block basis for compression purposes. 

In the MPEG-4 standard, an attempt is made to compress video using a content-based 

approach. However, object-based video compression has not been successful yet due to 

the difficulty of video segmentation. 

In the compressed video bitstream produced by conventional encoders, all 

temporal/spatial information, such as motion vectors (MVs) and transform coefficients, 

are associated with particular blocks rather than objects. The motivation behind this 

Ph.D. work is to understand how compressed data is related to object characteristics 

such as motion, shape, texture and colour, in real-life video, and to contribute to the 
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algorithmic development and architectural implementation of transmission, storage, and 

rendering of compressed video in an object-cognizant way. 

This Ph.D. thesis explains various proposed methods for modeling object and 

camera motion in compressed video, segmenting moving objects, and synthesizing 

video frames in a desired temporal and spatial resolution. In the next section, a brief 

preview of the previous work on motion modelling, object segmentation and frame 

synthesis is provided . 

1.2. Related Work 

1.2.1. Motion Modelling in Compressed Video 

Motion modelling is an important aspect in modern video coding standards, 

which are all structured on the basis of blocks. The widely used translatory motion model 

assigns one motion vector (MV) to a given block. This MV is obtained through motion 

estimation (ME), and utilized by motion compensation (MC) to remove temporal 

redundancy. Motion modelling and estimation techniques have undergone significant 

improvement throughout multiple generations of video coding standards. Balancing their 

coding efficiency and estimation accuracy has stood at the centre of video coding 

research in the last few decades. 

Among all motion estimation techniques, block matching algorithms (BMA) are 

the main approach to obtain MVs for the purpose of compression. While the basic idea 

behind BMA has remained more or less the same, the block partitioning has evolved 

from the fixed block size of 16×16 pixels (H.261) to adaptive block sizes as low as 4×4 

pixels in the latest standard (H.264). The BMA leads to a two-dimensional displacement 

vector, commonly called a motion vector (MV). As the main goal of motion estimation is 

to improve compression efficiency, the final MVs do not always represent true motion. 

This inaccuracy becomes one of the sources of visual artefacts on the decoder side 

when a frame gets reconstructed, and becomes more pronounced when frame 

prediction is performed, for example in predictive decoding, as will be illustrated later in 

the text. We provide a detailed literature review on motion modeling and estimation in 

Chapters 2 and 4. 
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1.2.2. Video Object Segmentation 

Video object segmentation is a useful technique for object-based media 

representation and description (e.g. MPEG-4 and -7). In recent years, object 

segmentation and tracking have gained more attention due to emerging content-based 

multimedia applications, such as video indexing and retrieval, video surveillance, and 

interactive video applications. Even before MPEG-4 introduced the concept of treating 

scenes as compositions of audio-visual objects, there have been intensive research 

efforts on image and video object segmentation. Especially interesting is the problem of 

moving region segmentation in compressed video, due to the abundance of compressed 

video content. 

Depending on the segmentation cues exploited in processing, state-of-the-art 

segmentation approaches related to compressed video can be broadly classified into 

three types: 1) segmentation in the pixel domain, which mainly uses reconstructed 

image features (e.g. colour, edge and texture), 2) segmentation in the "compressed 

domain," which only utilizes compressed video data (e.g. MVs and transform 

coefficients), and 3) joint (or hybrid) segmentation methods, which combine both pixel-

domain and compressed-domain information to balance speed and accuracy. In a video 

recorded by a moving camera, the estimated MVs represent a composition of true object 

motion and global (or camera) motion. In such cases, it is important to estimate and 

compensate global motion prior to object segmentation. Global motion estimation can be 

conducted in either the pixel domain or the compressed domain. 

Since video data is almost always stored in compressed form, compressed 

domain segmentation appears more attractive in some real-time applications, since it 

can considerably reduce processing time and memory requirements. However, working 

with compressed data usually implies reduced segmentation accuracy, and it remains a 

challenge to devise a fully compressed domain segmentation method that achieves 

accurate object boundaries. In Chapters 3 and 4, we present a detailed literature review 

on object segmentation. 
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1.2.3. Frame Prediction 

Frame prediction is the technique of predicting a future frame based on spatial 

and/or temporal information. A particular application of interest in this work is predictive 

video decoding. Such a scheme allows the decoder to predict and display a frame that 

has not yet arrived at the receiver. This technique can be useful in many video 

applications, such as delay reduction in interactive video communications, jitter buffer 

management in video streaming, and the concealment of whole-frame losses. 

Conventional frame prediction approaches, such as motion extrapolation, heavily rely on 

motion information extracted from the compressed video stream. However, since motion 

vectors are not always accurate enough to represent true motion, annoying artefacts 

may appear in predicted frames, such as background shaking and object boundary 

distortion. 

A related application studied in the past is whole-frame concealment. The 

methods for whole-frame concealment can be broadly divided into two categories: 1) 

pixel-based, and 2) block-based. One drawback of pixel-based whole-frame 

concealment is its computational complexity. Compared to pixel-based approaches, 

block-based approaches have a significantly lower computational complexity, because 

they process less information, typically only one MV per block of pixels. However, 

conventional MV prediction by median filtering of MVs from a neighbourhood may 

disrupt the spatio-temporal relationships among the MVs of neighbouring blocks, and 

thus lead to annoying visual artefacts. Moreover, in order to produce better MVs, a 

motion re-estimation on the decoder side has also been studied in the past; however, 

accuracy is greatly affected by the amount of extra computation introduced at the 

decoder. Related literature review is further given in Chapters 5 and 6. 

1.2.4. Temporal Frame Interpolation 

Frame interpolation generally describes the techniques of interpolating a frame 

based on spatial and/or temporal information. One well-known application is frame rate 

up-conversion (FRUC), whose goal is to increase temporal resolution by interpolating 

frames between existing video frames. It has been proposed as a tool for video 

communications, where video sources sometimes have to be temporally downsampled 

to meet low bandwidth requirements of communication channels. FRUC also plays a 
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role in other video applications, such as display format conversion and slow motion 

playback. Various FRUC algorithms have been developed in the past. Non-motion 

compensated schemes, such as frame repetition and frame averaging, produce a frame 

by repeating or combining the pixel values at the same location between neighbouring 

frames. These schemes are fast, but lead to blurring and/or motion jerkiness when 

strong motion is present in the scene. 

To improve visual quality, a frame can be interpolated based upon the motion 

vectors (MVs) between two consecutive frames, leading to motion-compensated frame 

interpolation (MCFI). Due to the low density of block-based MVs and their inaccuracies, 

direct MCFI causes annoying visual artefacts in interpolated frames. Many approaches 

have been proposed to mitigate these artefacts, including vector median filtering, 

overlapped block motion compensated (OBMC) interpolation, multistage refinement, and 

bilateral and global motion estimation. Alternatively, instead of using block-based 

motion, region-based schemes interpolate frames by considering moving regions or 

objects. The basic idea is to characterize the region motion using an affine or 

perspective motion model and use such a region-based motion model to synthesize an 

intermediate frame. Related literature review is given in Chapters 5 and 6. 

1.2.5. Spatial Frame Interpolation 

Spatial frame interpolation or frame resizing describes the techniques for 

increasing or decreasing frame resolution. One challenging research topic for frame 

resizing is super-resolution (SR), which is a technique for enhancing the resolution of an 

imaging system. There are both single-frame and multiple-frame variants of SR, where 

multiple-frame approaches are most powerful. Algorithms can also be divided by their 

domain: frequency or space domain. By fusing together several low-resolution (LR) 

images one enhanced-resolution image is formed. The SR approaches proposed in the 

literature are reviewed in detail in Chapters 5 and 6. 

  

http://en.wikipedia.org/wiki/Frequency_domain
http://en.wikipedia.org/wiki/Digital_signal_processing#Time_and_space_domains
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1.3. Scope of the Thesis 

The goal of this research work is to develop methods for motion modeling and 

segmentation from compressed video and their use in various applications. Objects in a 

video scene can be broadly classified as background and foreground objects. Each 

object can further consist of several regions with homogeneous features, such as motion 

and colour. Therefore, each video frame can be seen as a composition of video objects. 

In this work, these objects are obtained from the compressed video stream and offer a 

possibility to composite (synthesize) a non-existing, larger, or future frame under various 

circumstances. 

The concept of content-based frame composition is illustrated in Fig. 1.1. The 

received video bitstream is fed to a syntactic decoder that parses information based on 

syntactic structures of the particular video coding standard. The elementary information 

such as MVs and transform coefficients, are extracted from the bitstream by this 

syntactic decoder and passed to the standard video decoder to reconstruct frames. At 

the same time, the compressed domain information is used to model sequence features, 

such as local object motion and camera motion. Combining all the information, a frame 

is finally assembled by a compositor at the desired temporal and spatial scale for video 

display. 

The frame composition model (prediction and interpolation) is constructed under 

two main assumptions: 1) regions move in a coherent fashion over a short period of 

time, and 2) when two regions move towards the same location, the region closer to the 

view point will occlude the region further away from the view point. The background 

region is considered to have the largest distance to the view point. 

The central part of this thesis is object motion modelling and segmentation in 

compressed video. Also described are various frame synthesis approaches under 

different circumstances, which lead to a range of applications, such as temporal frame 

prediction and interpolation and spatial frame resizing. The overall goal is to find low 

complexity solutions, capitalizing on the information already present in the compressed 

video stream, yet achieve superior visual quality of the synthesized video frames. 
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Figure 1.1: Motion modeling and segmentation with their 
applications in frame prediction, interpolation, and super-
resolution. 
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1.4. Contributions 

In this work, we developed multiple approaches for global motion estimation and 

object motion segmentation, as well as a novel framework for joint global motion 

estimation and object segmentation. While many related methods have been studied 

before in the pixel domain, the main novelty of the present work lies in adapting these 

methods to compressed-domain video processing, and addressing certain issues that 

arise in dealing with compressed video data. Substantial emphasis is placed on reusing 

the data available in a compressed video bitstream, such as motion vectors and 

prediction residuals, whenever possible. Other contributions of the thesis include 

adapting the developed region-based compressed-domain methods to various 

applications, such as frame prediction, interpolation, and resizing. 

Specifically, the contributions to the knowledge and practice in the field of video 

processing include the four methods listed below. In each case, the specific novelty of 

the method and its comparison with state-of-the-art is presented in detail in the 

corresponding chapter.  

 A cascade-of-rejectors approach for removing block-based MV outliers in global 

motion estimation (Sections 2.2.3—2.2.5).  

 An unsupervised segmentation algorithm for extracting moving regions from 

compressed video using a Markov Random Field (MRF) model for block-based MVs 

(Section 3.4).  

 A joint framework of simultaneous moving object segmentation and global motion 

estimation from block-based MVs (Chapter 4).  

 Region-based predictive decoding for end-to-end delay reduction in video 

communications (Sections 6.1.2—6.1.4).  
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Overall, the research conducted in the past 5 years has resulted in the following 

12 academic publications, comprising 4 journal papers and 8 conference papers: 

Journals: 

[1]. Y.-M. Chen and I. V. Bajić, "A joint approach to global motion estimation and 
motion segmentation from a coarsely sampled motion vector field," IEEE 
Trans. Circuits Syst. Video Technol., vol. 21, no. 9, pp. 1316-1328, Sep. 
2011. 

[2]. Y.-M. Chen, I. V. Bajić, and P. Saeedi, "Moving region segmentation from 
compressed video using global motion estimation and Markov random fields," 
IEEE Trans. Multimedia, vol. 13, no. 3, pp. 421-431, Jun. 2011. (Special 
Issue on ICME 2010) 

[3]. Y.-M. Chen and I. V. Bajić, "Region-based predictive decoding of video," 
IEEE Trans. Circuits Syst. Video Technol., vol. 20, no. 3, pp. 452-457, Mar. 
2010. 

[4]. Y.-M. Chen and I. V. Bajić, "Motion vector outlier rejection cascade for global 
motion estimation," IEEE Signal Processing Letters, vol. 17, no. 2, pp. 197-
200, Feb. 2010. 

 

Conferences: 

[1]. Y.-M. Chen and I. V. Bajić, “Predictive video decoding using GME and motion 
reliability,” Proc. SPIE Applications of Digital Image Processing XXXIV, Vol. 
8135, San Diego, CA, Aug. 2011. 

[2]. Y.-M. Chen and I. V. Bajić, "Spatio-temporal super-resolution from 
compressed video employing global and local motion," Proc. IEEE 
PacRim'11, pp. 907-912, Victoria, BC, Aug. 2011. 

[3]. Y.-M. Chen, I. V. Bajić, and P. Saeedi, "Motion segmentation in compressed 
video using Markov random fields," Proc. IEEE ICME'10, pp. 760-765, 
Singapore, Jul. 2010. 

[4]. Y.-M. Chen and I. V. Bajić, "Predictive video decoding based on ordinal 
depth of moving regions," Proc. IEEE ICC'10, Cape Town, South Africa, May 
2010. 

[5]. Y.-M. Chen and I. V. Bajić, "Compressed-domain moving region 
segmentation with pixel precision using motion integration," Proc. IEEE 
PacRim'09, pp. 442-447, Victoria, BC, Aug. 2009. 

[6]. Y.-M. Chen, I. V. Bajić, and C. Qian, "Frame rate up-conversion of 
compressed video using region segmentation and depth ordering," Proc. 
IEEE PacRim'09, pp. 431-436, Victoria, BC, Aug. 2009. 
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[7]. Y.-M. Chen, I. V. Bajić, and P. Saeedi, "Coarse-to-fine moving region 
segmentation in compressed video," Proc. IEEE WIAMIS'09, pp. 45-48, 
London, UK, May 2009. 

[8]. Y.-M. Chen and I. V. Bajić, "Predictive decoding for delay reduction in video 
communications," Proc. IEEE Globecom'07, pp. 2053-2057, Washington, DC, 
Nov. 2007. 

  



 

11 

1.5. Organization of the Thesis 

The thesis is divided into three parts: “motion modeling,” “object segmentation,” 

and “applications.” The first chapter contains the introduction and some background on 

motion modeling, object segmentation, and their applications in frame prediction, 

interpolation and resizing. More detailed discussion of these topics, along with the 

literature review, appears in Chapters 2 through 6. A conclusion is given in Chapter 7. 

In Chapter 2, we present the fundamentals of the thesis on various motion 

modeling approaches, and discuss the motion reliability in compressed video. Based 

upon motion information and reconstructed frames, in Chapter 3 we present various 

compressed-domain object segmentation approaches. Motion segmentation and global 

motion estimation are further studied in Chapter 4. As two operations greatly affect one 

another, a joint framework is presented to achieve simultaneous object segmentation 

and global motion estimation. In Chapter 5, we discuss how to compose a frame using 

motion and object information. The techniques presented in this chapter are later 

adopted in various content-based video applications to render a frame for final display. 

In Chapter 6, we address the applications that utilize motion estimation and 

segmentation techniques, broadly divided into three scenarios: frame interpolation, 

frame prediction, and frame resizing. 

Finally in Chapter 7, we conclude this thesis, and offer future research direction 

in related field. 
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2. Motion Modelling in Compressed Video 

In this chapter, we discuss the problem of motion modelling in compressed video. 

In Section 2.1, we describe motion structure in block-based video codecs, particularly 

motion estimation techniques and MV reliability. In Section 2.2, we describe how to 

estimate global motion from a block-based MV field. An important component of global 

motion estimation (GME) is outlier rejection, for which we propose a novel outlier 

rejection filter, and its performance is evaluated within GME framework. 

2.1. Motion Structure in Block Based Video Codecs 

All recent video coding standards utilize blocks of pixels for motion estimation, 

compensation, transform, and the control of coding parameters. These blocks are 

commonly referred to as macroblocks (MBs) and consist of 1616 pixels. Motion 

compensation (MC) and motion estimation (ME) are two major techniques to reduce 

temporal redundancy in a video coding system. MC synthesizes an image block in the 

current frame by fetching a block of pixels from a reference frame using an estimated 

MV, while ME estimates the MV for a given block. Looking back over the video coding 

evolution route, we have witnessed video compression achievements by incorporating 

new motion techniques and optimizing already built-in techniques, including the first ITU 

(former CCITT) coding standard H.120 (1984-1988) and its block-based successors 

H.261 (1991), MPEG-1 (1993) [120], MPEG-2/H.262 (1994), H.263 (1996), MPEG-4 

(1999) and the latest H.264 (2003) [76] [120 – 123].  

2.1.1. Video Coding Standards  

In MPEG video coding standards, there are three types of frames: 1) intra coded 

(I-) frames, 2) temporally predicted (P-) frames, and 3) bi-directionally (B-) temporally 

predicted frames [35]. Among these three frame types, I-frames use most bits. An I-

frame is encoded as a still image, without referencing any other frames in the video. 
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Only spatial redundancy is reduced, largely through the discrete cosine transform (DCT), 

similar to JPEG coding. P- and B-frame coding involves temporal prediction. For both of 

these frame types, motion compensation is performed to reduce temporal redundancy. 

The bitstream of both P- and B-frames includes motion vectors (MVs) and DCT 

coefficients of the motion compensated prediction residuals. Because of temporal 

redundancy removal, P- and B-frames have significantly fewer bits than I- frames. B-

frames usually achieve the highest compression ratio among the three frame types due 

to bi-directional temporal prediction.  
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Figure 2.1: Block-based video encoder. 

Figures 2.1 and 2.2 together illustrate the basic functional modules in a block-

based video codec. The video encoder takes in a sequence of video frames. All the 

MB’s in I-frames (and possibly some MB’s in P- and B-frames) are intra-coded, which 

means they are coded without temporal prediction. However, in H.264, the latest video 

coding standard, intra-coded MB’s are spatially predicted [36]. Inter-coded MB’s, on the 

other hand, are coded using temporal prediction from neighbouring frames. Whichever 
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form of prediction is used, spatial or temporal, only the prediction residual of the 

corresponding block is encoded. These prediction residuals are fed into the transformer, 

usually based on DCT or a related transform, and then further quantized by a matrix of 

quantizers. Since the energy distribution after the transform is concentrated in the low 

frequency areas, a special zigzag mapping matrix is designed to scan the coefficients so 

that long runs of zeros are grouped together. The zigzag-scanned coefficients, as well 

as the MVs, are entropy coded. 
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Figure 2.2: Block-based video decoder. 

As the motion estimation techniques evolved over time, the block sizes in motion 

estimation and compensation modules have been made adaptive in order to increase 

the estimation accuracy. Optimal selection of these parameters is determined by the 

encoder in terms of coding efficiency and reconstructed video quality. The encoder 

determines the cost of each MB coding mode in terms of bits, which includes the cost of 

coding associated MVs and prediction residuals. Also, each coding mode produces a 

certain reconstructed signal quality. Combining these two pieces of information, the 

optimal coding mode is selected. The reconstructed MB refreshes the reference frame 

buffer to reconstruct exactly the same MB on the decoder side, while the coded bits are 

output into the bitstream. 
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The decoder structure is shown in Fig. 2.2. It consists of processing modules that 

perform reverse operations from the encoder except for the motion estimation and mode 

selection modules, which are not needed at the decoder. 

2.1.2. Motion Estimation Techniques  

The evolution of ME can be traced back through two paths: 1) improving the 

accuracy of the MVs, and 2) decreasing and varying the size of the compensated block. 

More specifically, translational MVs have evolved from integer-pixel in MPEG-1/H.261 to 

half-pixel in MPEG-2/H.263, and finally quarter-pixel in H.264; block sizes have been 

refined from the single 16×16 pattern in H.261, H.263, MPEG-1, and MPEG-2 to include 

8×8 blocks in MPEG-4, and eventually 4×4 block and even the non-square 16×8 and 

8×16 blocks in H.264. Although in theory the MV accuracy can be quantized even finer, 

B. Girod [37] in 1993 conducted analysis on fractional-pixel accuracy and the MC 

predictor efficiency, along with various spatial interpolation filters. The experimental 

results show that for a block size of 16×16, quarter-pel resolution is sufficient for TV 

signals, and half-pel resolution is sufficient for video communication.  

Although generations of video codecs have been targeting block sizes and MV 

accuracy for compression, the improvements from both paths might seem limited in 

terms of compression rate, i.e. no linear trends expected on increasing compression rate 

purely through refining MV accuracy. Furthermore, as H.264 employs block-sizes down 

to 4×4, further block re-sizing is also limited in future block-based video codecs. In other 

words, improving on compression efficiency requires a more advanced coding structure 

and MC/ME techniques in future video coding standards, possibly extending from the 

above mentioned two motion trends. In the remainder of this section, we discuss state-

of-the-art ME techniques at a system level.  

2.1.2.1. Block-Matching Motion Estimation  

Among all motion estimation techniques, the block matching algorithm (BMA) is 

the main approach in existing video encoders. Each video frame is first partitioned into 

MBs. For each MB in P- and B-frames, the encoder performs a search in the reference 

frame(s) in the area around the position of the current MB. The search range is specified 

to limit the computational cost while allowing for a certain range of translational motion. 
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Using the criterion of the least prediction error, usually mean square error (MSE) or sum 

of absolute differences (SAD), the best two-dimensional displacement is estimated and 

referred to as the motion vector (MV). 

While it is the most straightforward and intuitive approach for motion estimation, 

block matching is also the most widely used motion search strategy. A comparison of the 

target block is made with every possible reference block in a certain temporal and spatial 

range and a difference measure (e.g. mean square error) is computed for each of them. 

The displacement between the reference block associated with the smallest error 

measure is used as the MV for the target block. The several important parameters that 

are configurable in a block-matching search include the step size (how closely 

distributed the MVs are, e.g. 1 for pixel-wise ME, 16 for macroblock-wise ME), matching 

window size (the number of pixels in the neighbourhood that are compared for the error 

measure), the search range (the maximum possible MV) and MV accuracy. 

The full-search block-matching strategy exhausts every pixel in every window 

that is within the search range. For example, to get an 8×8 block-wise quarter-pel MV 

field for a QCIF (176×144) frame, with the usual search range of 16×16, a window size 

of 16×16 and an MSE error criterion, 415M comparison operations, 415M summing 

operations and 415M multiplication operations — 16×16×64×64×22×18 = 415M — 

would be required for each frame, which is enormous. In order to overcome this 

computational drawback, a large amount of work has been done to design alternative 

fast search algorithms for block-matching, such as the 2D logarithmic search [38], the 

three-step search [39], the conjugate direction search [40], the cross search [41], the 

four-step search [42] and the block-based gradient descent search [43]. While these 

approaches attempt to shorten the search path on a square shaped search window, 

diamond [44] and hexagon [45] shaped search patterns have also been found to further 

speed up the job of searching. Some of these fast algorithms are so simple and effective 

that they have been recommended, although not specified, by the standards. 

A hierarchical motion structure is one of the many techniques designed to reduce 

the computational load. Exploiting the fact that neighbouring motion vectors tend to be 

similar, the current and reference frames are filtered and sub-sampled to obtain two 

pyramids of frames, with the original full-size frames at the bottom, and their down-sized 



 

17 

versions on top in a descending order. Conventional blocking-matching is performed on 

a top level, resulting in a small MV field that can be stretched into a rough estimate of 

the larger MV field for the level beneath. This multi-resolution structure not only reduces 

ME computation, but also avoids local optima that may lead to false MVs. 

2.1.2.2. Rate-Constrained ME in H.264  

Sullivan et. al. first proposed rate-constrained ME in 1991 [46], which was later 

included in the H.263 and MPEG-4 standards [47]. Instead of only minimizing the 

measured error, rate-constrained ME obtains an MV that minimizes the weighted sum of 

the error and the bits required for coding the MV itself, as in Equation 2.1. 

          
    

                              Equation 2.1 

where M is the set of motion vectors within the search range. The measured distortion 

associated with the MV is 

                                         

       

 Equation 2.2 

where     for the sum of absolute differences (SAD) and     for the sum of squared 

differences (SSD), the choice of which is made through experimentation. 

2.2. Global Motion Estimation 

Global motion, in this work, is defined as the dominant motion in the observed 

motion field. In many cases, background makes up most of the frame. Hence, 

background motion, which is caused by camera motion, represents the global motion. 

However, in some cases, a large foreground moving object may occupy most of the 

frame, so in such cases, "global" motion actually represents the motion of this object.  

Global motion can be useful in video coding, error concealment in video 

communications, and content-based video analysis, such as video object segmentation, 
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background modelling and video indexing [7][8][9]. However, unlike local motion (block 

MVs), global motion is generally not available in standard compressed video, but can be 

estimated in either pixel domain [2][4][5][8][49] or compressed domain [3][11][12][13][29]. 

In this section, we address the issue of estimating global motion using coarsely sampled 

(i.e. block-based) MV fields from compressed video. The motivation is to find an efficient 

GME approach in the compressed domain and significantly reduce the computational 

complexity of GME compared to pixel-based approaches. 

As we discussed in Section 2.1, MVs in the compressed bitstream are often 

imperfect and inconsistent with real motion. In order to improve the estimation accuracy, 

an important part of most MV-based GME approaches is to remove MV outliers, i.e. 

those MVs that do not fit well into the global motion model.  

2.2.1. Popular Pixel- and MV-based GME approaches 

Global motion estimation can be broadly classified into pixel- and MV-based 

approaches. In general, the idea behind a pixel-based approach is to use the image 

luminance signal from a pair of frames to model the global motion, while the MV-based 

approach uses block-based MVs that are available in a compressed video stream. The 

MV-based approach has an advantage of lower computational complexity, which may 

come at a cost of lower accuracy. 

2.2.1.1. Pixel-based GME approaches  

Several pixel-based GME approaches are based on utilizing an image luminance 

signal to model global motion, where a Gauss-Newton gradient descent algorithm is 

commonly used to estimate motion parameters due to its fast convergence and reliable 

performance on minimizing the cost function.  

Krutz et. al. proposed a pixel-based method that uses phase correlation to find 

an initial set of motion parameters [5], which initializes the motion model as a 

translational motion for the gradient descent algorithm. The described framework 

employs an image pyramid to reduce computational cost by downsampling the original 

image to a low resolution image and then starts a Gauss-Newton gradient descent on 

this low resolution image to obtain the first set of motion parameters. The converged 
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motion parameters are used as an initial parameter set for a new round of gradient 

descents on the higher resolution image. The process repeats until it reaches the 

original resolution of the image. A similar approach can also be found in [26], where 

authors proposed a simplified GME approach that only uses a downsampled image pair, 

rather than an image pyramid. The GME framework still adopts Gauss-Newton gradient 

descent to find motion parameters for an affine or perspective model. 

Alzoubi and Pan developed a pixel-domain GME using fixed and random pixel 

subsampling patterns [10]. The idea is to use only a small subset of pixels to estimate 

global motion parameters, thus reduce the GME complexity. Their work focuses on 

finding a good set of pixels to obtain optimal parameter estimates. Their framework first 

uses a block matching method to find translational motion as a starting point, then 

selects a set of pixels with a pre-defined subsampling pattern, after which a Gauss-

Newton gradient descent search iterates to find motion parameters that minimize the 

cost function. 

2.2.1.2. Block-based GME approaches  

The MV-based GME approach has been commonly used in many compressed 

video applications. The idea is to take an MV field extracted from a video stream and an 

MV field re-generated by a global motion model and obtain a set of global motion 

parameters to minimize the fitting error between these two fields. This approach 

alleviates the computational burden as MVs from compressed video are directly used. 

MVs represent local motion and can be used to initialize a global motion model without 

conducting motion estimation. In the literature, there are three main approaches in this 

category. 

The first approach is to use an iterative procedure that applies gradient descent 

regression to the MVs to estimate model parameters, as proposed in [3], where the 

authors construct a framework to estimate global motion parameters by applying a 

gradient descent over a pyramid of motion models. The original MV field is first initialized 

from 2-parameter translational model and then it is used to initialize an 8-parameter 

perspective model by carrying out the gradient descent regression. 
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The second approach is similar to the first approach but using a least-squares 

solution. The idea is to use the MVs in an over-determined system of equations and use 

the least-squares solution to obtain global motion parameters by employing a pseudo-

inverse [11][12]. As shown in [12], better performance can be obtained by introducing a 

weighting factor, the so called "M-Estimator," which is used to weight MVs according to 

their reliability, thereby performing outlier suppression. 

The first and second approaches are also categorized as "iterative robust 

estimators," while the third popular approach is a so called RANdom SAmple Consensus 

(RANSAC) method [22]. RANSAC is a commonly used statistical method for outlier 

removal in various computer vision problems. It is an iterative method to filter out MV 

outliers by randomly choosing a set of MVs that best fits the motion model. The accuracy 

is generally increased as more iterations are carried out. It usually requires a large 

number of iterations to achieve reliable results. 

2.2.2. Block-based GME and MV Outliers 

The goal of MV-based GME is to infer the global motion parameters from the 

MVs; in the case of compressed video, MVs are available in the bit stream and do not 

need to be re-estimated. However, it is usually found that MV fields contain certain MVs 

(called outliers) that do not fit into a particular global motion model, thus for accurate 

MV-based GME, it is important to remove those outliers from the MV field. We 

distinguish two types of MV outliers: 

Type-1) "Noisy" MVs, which are often found in areas where motion estimation fails to 

capture real motion, such as regions with little or no texture, boundary regions of a 

moving object, and regions with repetitive texture pattern. MVs associated with non-

rigid or very small objects may also fall into this category; 

Type-2) These outliers are the MVs from any object that does not fit the 8-parameter 

motion model of the background. Hence, there are two sources of Type-2 outliers: 1) 

objects that are really moving relative to the background, and 2) static objects that 

are not far enough from the camera to "blend into" the background and therefore do 

not fit the 8-parameter motion of the background. The common characteristic of 

Type-2 outliers is that they appear in spatially contiguous areas of the frame 
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occupied by the two kinds of objects mentioned above, and tend to be similar to their 

neighbours, i.e., they don't look "noisy" like Type-1 outliers.  

It is important to remove both types of outliers in order to obtain accurate motion 

parameter estimates. In this chapter, we focus on developing a technique that effectively 

removes Type-1 MV outliers, and incorporating it into a block-based GME framework. A 

more general approach that deals with both Type-1 and Type-2 outliers is discussed in 

Chapter 4, where we further incorporate object segmentation into GME for 

simultaneously extracting object information and modelling global motion.  

2.2.3. Characterization of the MV Field with a Moving Camera 

The MV field in a compressed domain approximates the moving trajectory of 

each image unit (block or macro-block) between two frames, however, MVs generated 

by a conventional block-matching algorithm in video codecs are often imperfect and 

inconsistent with object and camera motion. To characterize the MV field with a moving 

camera, we use a 2D parametric global motion model to simulate camera motion. 

In [3], four popular 2D motion models for global motion (translational, geometric, 

affine and perspective) have been summarized, with the 8-parameter perspective model 

being the most general. This model accurately represents the 2D projection of the 3D 

rigid motion of a planar surface [6]. Curved surfaces require higher-order models. 

However, since the background is usually far from the camera, it can be approximated 

by a planar surface [6], so in this work, we adopt the 8-parameter perspective model to 

represent the motion of the background. The perspective model is described by a vector 

of its parameters,            . Given       and         as the coordinates in the 

current and reference frame, respectively, the perspective transformation is defined as: 

   
          

         
               

          

         
  Equation 2.3                                   

Defining            and             
 
, where     and    are the numerators 

in Eq. 2.3 and   is the denominator, Eq. 2.3 can be represented by a homographic 

mapping: 



 

22 

           

      

      

      

   
 
 
 
 , 

   
  

  , 

   
  

 
 , 

Equation 2.4 

The homographic mapping can also be decomposed into a product of matrices 

containing the focal lengths and rotation angles [9].  
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Equation 2.6 

Here,    and    denote the camera focal length of the  -th and  -th frame, respectively, 

and   ,   , and   , denote the rotation angles around x-, y-, and z-axes. In this model, 

the X- and Y- components of the MV field at       in the current frame are given by: 

                

                

Equation 2.7 
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MVs that come from a given motion model (a given vector of motion parameters 

 ) usually exhibit fairly strong spatial correlation. We use this observation to score the 

MV reliability, and check the likeliness of MVs fitting in a motion model. In order to 

estimate how similar or how different the neighbouring MVs from a given model could 

be, we performed the following experiment. We used a range of camera parameters in 

the homographic mapping that are commonly found in practice [24] [25]: a focal length of 

200 – 1000; and a focal length change ratio between consecutive frames of 0.9 – 1; an 

angular velocity of [1.6, 1.6] degrees per frame for x-, y- and z-axes. 

We created 14,000 combinations of camera parameters (focal length, rotation 

angle, and translational distance) from these ranges and, for each combination, we 

synthesized an MV field in floating-point MV precision according to Eq. 2.5 and 2.6. We 

then measured the average relative difference in magnitude (    ) and phase (   ) 

between each MV and its eight surrounding neighbours (hereafter referred to as the “8-

neighbourhood”). The histograms of these quantities were then created, and the 90-th 

percentile was computed. Assuming a CIF (352×288) resolution video, Table 2.1 lists the 

90-th percentile values of      and     for block sizes of 4×4, 8×8, 16×16, and 32×32 

pixels.  

Table 2.1: The 90-th percentile of magnitude and phase difference 

Block Size          (Degrees) 

32×32 1.0 45 

16×16 0.4 19 

8×8 0.2 9 

4×4 0.1 4 

The values of     and     for various combinations of settings are shown in Fig. 

2.3. The 90-th percentile for     was 0.4, and the 90-th percentile for    was 19 

degrees, meaning that 90% of the MVs in a MV field described by a perspective model, 

with the camera parameters from the ranges listed above, have the average relative 

magnitude difference from their neighbours of 0.4 or less, and an average phase 

difference of 19 degrees or less. These 90-th percentile values are used in the next 

section to identify MV outliers and set the thresholds for outlier rejection. 
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Figure 2.3: The values of average MV magnitude and 
rotation difference for various settings 

2.2.4. MV Outlier Identification and Rejection Cascade for Global 
Motion Estimation 

MV outliers in this section are defined as MVs that do not fit into a global motion 

model, i.e. Type-1 and Type-2 outliers described in Section 2.2.2. Identifying and 

removing outliers from an MV field plays an important role in global motion segmentation 

and content based video applications. In this section, we propose using a cascade-of-

rejectors approach to remove outliers from an input MV field. 

The cascade-of-rejectors approach has been very successful in fast object 

detection [48], where it is used to quickly verify the presence or absence of certain object 

features. We propose a similar cascade approach to identify and remove MV outliers, 

which consists of three filters, as shown in Fig. 2.4. The input MV field is subject to 
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testing in the first filter, then the MVs declared as inliers are further tested in the second 

filter, and so on. 

Filter 1

Input MV Field

Filter 2 Filter 3

MV Inliers

GME

MV Outlier Rejection Cascade

GM Parameters

 

Figure 2.4: The proposed MV outlier removal cascade. 

To test each input MV, the filters in the cascade employ the following strategy. 

Let     be the input MV to be tested in filter  , where          . Associated with    is 

the set   
 
 of MVs computed from the 8-neighbourhood of     as shown in Fig. 2.5, 

where the location of    is shown in grey. For filter 1,   
  consists of individual MVs from 

the neighbourhood of MVi, as shown in Fig. 2.5(a). For filter 2,   
  consists of the 

averages of diagonally opposite MVs from the neighbourhood of    , as shown in Fig. 

2.5(b). Finally, for filter 3,   
  consists of the averages of triangularly opposite MVs from 

the neighbourhood of    , as shown in Fig. 2.5(c). There are at most eight MVs in   
 , 

and at most four MVs in each of   
  and   

 . 
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( b ) ( c )( a )
 

Figure 2.5: The construction of MVs in   
 
, (a):   

 , (b):   
 , and 

(c):   
 . 

Once   
 
 is constructed, we test the following conditions for each       

 
, and 

count how many times the following conditions are satisfied: 

           

     
     

 
  Equation 2.8 

                   
 

, Equation 2.9 

where     
 

 and    
 

 are the thresholds for maximum relative magnitude difference, and 

maximum phase difference, respectively. To avoid the computation of phase     , 

Equation 2.9 can be rewritten as: 

                            
 
                               Equation 2.10 

Let   
 
 be the number of times the above conditions are satisfied. Note that 

  
    , and   

 
   for        . The weighted count is given by 

   
 
   

   
   

 
,                                               Equation 2.11 

where  
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  ,                                    Equation 2.12 

     
 

         
 
  and   

    for all  . The weight   
 
 is a measure of how similar 

   is to vectors in   
 
. 

Table 2.2: Magnitude and phase thresholds 

Filter j 
    
 

    
 

 (Degrees) 

16×16 8×8  16×16 

1 0.4 0.2 1 0.4 

2 0.2 0.1 2 0.2 

3 0.1 0.05 3 0.1 

The magnitude and phase thresholds in Equation 2.8 – 2.9 are determined based 

on the 90-th percentile values for the relative magnitude and phase difference found in 

Section 2.2.3. The thresholds for MV field with 16×16 and 8×8 blocks are set as shown 

in Table 2.2. For filter 1, the thresholds are equal to the 90-th percentile values from 

Table 2.1. These thresholds are halved for filter 2, and halved again for filter 3. 

Each of the three filters in the cascade is set to keep the same fraction of inliers 

in order to satisfy the target fraction of inliers. If         is the fraction of inliers we want 

from the cascade, then each filter is set to keep      of the input MVs, and remove the 

rest as outliers. For example, if we want to keep 70% of MVs as inliers, then       , 

          , so each filter will keep approximately 88.8% of its input MVs as inliers, and 

remove 11.2% as outliers. The filtering operation is summarized below: 

1. Symmetrically extend the MV field across frame boundaries, flag all MVs as 

inliers and set    . 

2. For each inlier    , find the weighted count   
 
. Note that previously declared 

outlier MVs are included in the neighbourhoods (  
 
) of inlier MVs. 

3. Sort MVs in descending order of their weighted counts. 

4. Declare the target number of MVs at the bottom of the sorted list as outliers. 
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5. If    , then stop. Otherwise, set      , and move on to the next filter, 

repeating steps 2 – 5. 

2.2.5. Global Motion Estimation with MV Outlier Removal 

In our investigation on MV reliability [28], we found that MV outlier filtering, such 

as the filter proposed in [23], is computationally effective and works very well on Type-1 

outliers, since these "noisy" MVs tend to be different from their neighbouring MVs, but it 

may run into problems when faced with Type-2 outliers. RANSAC tends to work well on 

Type-2 outliers, but its performance is not as good on Type-1 outliers. Meanwhile, 

iterative robust estimators tend to work well on Type-1 outliers and also on Type-2 

outliers, as long as their percentage in the MV field is not large. These findings were 

used as a basis for developing an effective, yet accurate, GME approach that employs 

the outlier removal strategy developed in the previous section. 

In most cases, Type-1 MV outliers can be reliably detected by checking their 

similarity to their neighbouring MVs. In this section, we use the filter cascade from the 

previous section to remove MV outliers prior to GME [28]. The cascade examines the 

magnitude and phase difference between an MV and its neighbours and then removes a 

prescribed fraction of worst-fitting MVs from the MV field as outliers. In our experiments 

this fraction is set to be 0.15. 

We evaluate and compare this proposed outlier rejection approach in the context 

of GME with three state-of-the-art methods: the iterative Gradient Descent (GD) 

approach [3], the least squares solution using an M-Estimator (LSS-ME) [11], and 

RANdom SAmple Consensus (RANSAC) [22]. We chose GD as the platform to examine 

the effects of using the proposed MV outlier removal cascade to pre-process the MV 

field (CAS_GD). We compare MV outlier rejection capabilities of our cascade against the 

filter from [23] (FLT_GD). We also implemented LSS-ME [11] and RANSAC with least-

square regression (RAN_LS) [22] for further performance comparison. Parameter   in 

LSS-ME is set to 2 during evaluation. 

We first evaluate the algorithms on a synthetic MV field. We use four sets of 

motion parameters as in [3], shown in Table 2.3, to synthesize the test MV fields. These 

models also fall within the range of parameters used in Sections 2.2.3 to set the filter 
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thresholds. After the MV field is synthesized (assuming a CIF resolution and 16×16 

blocks), as in [3], the MVs are corrupted by independent zero-mean Gaussian noise in 

both X- and Y- components. Following that, outlier MVs (groups of connected MVs 

pointing in a random direction) are added to simulate foreground moving objects. As in 

[3], the performance criterion is the signal-to-noise ratio (SNR) between the MV field 

generated by parameters   (Table 2.3) and the MV field generated by the estimated 

parameters   . 

Table 2.3: Global motion parameters used for testing 

Model Motion parameters 

GM 1  =[0.9, 0, 10.4238, 0, 0.95, 5.7927, 0, 0] 

GM 2  =[0.9964, 0.0249, 1.0981, 0.0856, 0.9457, 7.2, 0, 0] 

GM 3  =[0.9964, 0.0249, 6.0981, 0.0249, 0.9964, 2.5109, 2.7×105, 1.9×105] 

GM 4  =[1, 0, 4.4154, 0, 1, 0, 1.13×104, 0] 

 

 

Figure 2.6: SNR vs. Iterations with a synthetic MV field (GM-
1) corrupted by Gaussian noise with            . 

Figure 2.6 shows the results of five GME approaches in terms of SNR vs. the 

number of GME iterations. In this experiment, the MV field (generated using parameters 

from GM 1) is only corrupted by noise. Simulation results with             are shown in 
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Fig. 2.6 (the results with            , as well as results with other models from Table 

2.3, follow similar trends). Each result is averaged over 50 runs. The filters in our 

cascade were set to give 70% of inliers overall in order to facilitate a fair comparison with 

the results in [3]. We observed that the CAS_GD converges faster than GD, LSS-ME 

and RANSAC and achieves a very close SNR to LSS-ME. Both CAS_GD and LSS-ME 

have a higher SNR than other methods, especially as the noise variance increases. In 

Table 2.4, we list the converged SNR values of these four methods for all four GM 

models from Table 2.3. FLT_GD yields the worst performance among the tested 

methods because the filter from [6] usually removes too many input MVs. 

Table 2.4: SNR in the MV field (dB), corrupted only by Gaussian noise 

GM 

Model 

GME  

Algorithms 

Standard Deviation of Gaussian Noise 

0.7 1.5 2.2 3.0 

GM 1 

CAS_GD 33.98 27.60 23.87 21.50 

GD 31.71 24.63 21.85 20.11 

FLT_GD 28.15 15.83 11.19 8.73 

RAN_LS 29.61 17.60 13.58 9.08 

LSS-ME 34.23 27.79 23.47 20.56 

GM 2 

CAS_GD 37.28 31.28 27.92 25.11 

GD 35.02 29.01 26.33 23.01 

FLT_GD 33.92 23.04 17.37 13.62 

RAN_LS 31.57 20.87 17.28 14.20 

LSS-ME 38.11 31.12 27.39 24.65 

GM 3 

CAS_GD 33.65 27.16 23.05 21.02 

GD 33.01 26.53 23.73 21.18 

FLT_GD 30.49 18.43 12.23 9.77 

RAN_LS 29.38 18.18 14.51 12.39 

LSS-ME 34.64 29.05 25.51 21.55 

GM 4 

CAS_GD 37.67 30.64 26.39 23.19 

GD 35.56 29.11 26.22 23.14 

FLT_GD 34.51 23.27 17.29 13.53 

RAN_LS 33.72 21.27 17.78 14.26 

LSS-ME 38.11 31.48 28.11 24.23 
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Table 2.5: SNR in the MV field (dB), corrupted by both noise and outliers 

GM 

Model 

GME  

Algorithms 

Outlier Percentage (     ) 

0 % 2 % 10 % 20 % 

GM 1 

CAS_GD 27.56 16.16 8.74 5.35 

GD 24.75 15.81 8.57 4.40 

FLT_GD 15.46 12.97 7.97 3.58 

RAN_LS 17.13 13.44 7.94 4.68 

LSS-ME 27.67 15.93 8.52 4.42 

GM 2 

CAS_GD 31.24 19.59 11.64 6.90 

GD 29.31 19.38 11.59 6.46 

FLT_GD 23.05 17.82 11.25 6.65 

RAN_LS 20.34 16.69 11.01 6.32 

LSS-ME 31.30 19.47 11.49 6.47 

GM 3 

CAS_GD 26.81 17.35 10.38 7.19 

GD 27.04 17.21 10.12 6.15 

FLT_GD 17.54 13.61 8.20 3.11 

RAN_LS 18.14 14.96 9.66 5.90 

LSS-ME 28.32 17.31 10.04 6.17 

GM 4 

CAS_GD 30.06 20.13 12.66 8.93 

GD 29.11 19.93 12.43 7.93 

FLT_GD 23.20 18.99 11.81 6.01 

RAN_LS 21.10 17.37 11.97 7.77 

LSS-ME 31.24 20.06 12.39 7.79 

 

Next, we corrupted the MV fields by both noise (     ) and outliers made up of 

connected regions of 3×3, 6×6 and 9×9 MVs in the center of the frame (2%, 10% and 

20% of the total MV field size). These MV outliers are generated by adding the vector 

      to the MVs generated by the global motion model. The results for GM 3 are shown 

in Fig. 2.7, where we can observe that the performance of RANSAC improves compared 

to other methods as the percentage of MV outliers increases. Average (converged) 

SNRs for all four GMs are listed in Table 2.5, while the number of iterations needed to 

achieve SNRs from Tables 2.4 and 2.5 are listed in Table 2.6. 
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Table 2.6: Average number of iterations to achieve performance above 

GME 

Algorithms 

Noise only (No outliers) 

                    

Outliers and noise 

(     ) 

0.7 1.5 2.2 3.0 2% 10% 20% 

CAS_GD 2 2 2 2 2 2 2 

GD 6 6 6 6 6 6 6 

FLT_GD 2 2 2 2 2 2 2 

RAN_LS 14 132 >500 >500 144 199 327 

LSS-ME 4 4 4 4 4 4 4 

 

Table 2.7: Global motion compensation performance, PSNR in dB 

Sequences CAS_GD FLT_GD GD RAN_LS LSS-ME 

Flower Garden 22.19 21.44 22.30 21.87 22.48 

Stefan 24.60 22.16 24.51 24.74 24.60 

City 29.48 29.25 28.70 29.62 29.88 

Tempete 27.83 24.98 26.51 27.86 27.66 

Waterfall 34.86 24.25 34.71 35.48 34.69 

Mobile Calenda 23.47 22.69 23.91 24.72 24.97 

Coastguard 26.78 26.90 26.54 26.97 26.82 

Average 27.03 24.52 26.73 27.32 27.30 

 

We then evaluate algorithms on MV fields from real test sequences. Here test 

sequences are carefully selected to contain mostly camera motion. We use GME on the 

MVs to estimate the model and perform global motion compensation by warping the 

target frame onto the reference frame plane according to the model using bilinear 

interpolation [23]. If the sequence indeed contains only camera motion, and if GME is 

accurate, we should expect the frames compensated by global motion to be very close 

to the original frames. The similarity can be measured using the conventional Peak 

Signal-to-Noise Ratio (PSNR). We performed this experiment on seven test sequences 

listed in Table 2.7. Exhaustive search on 88 blocks is used to estimate the MVs prior to 
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GME. We compared the same five GME methods as in the previous section. This time, 

CAS_GD and FLT_GD incorporate only a single iteration of GD; plain GD uses six 

iterations while LSS-ME is set to use three iterations. The thresholds for 88 blocks 

listed in Table 2.2 are used in our cascade. The total processing time per frame was 

measured in MATLAB on a standard desktop PC with an Intel Pentium CPU at 3.0GHz 

and 2GB of RAM. This processing time includes all filtering and GME operations. 

 

Figure 2.7: SNR vs. Iterations with synthetic MV field (GM 3) 

corrupted by Gaussian noise (     ) and outliers {0%, 2%, 
10%, 20%}. 

Table 2.8 lists the average PSNR in dB and the average processing time on the 

seven test sequences. FLT_GD yields the fastest performance (36% faster than our 

CAS_GD), but also has the lowest PSNR performance (about 2.5dB worse than our 
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CAS_GD). Its PSNR performance, compared to other methods, seems to be especially 

poor on sequences with small camera motion, such as Waterfall, where its thresholding 

strategy removes too many MVs. Our CAS_GD is the next fastest method and achieves 

better PSNR (by about 0.3dB) than plain GD, simultaneously with a 73% speedup 

compared to plain GD. Finally, RAN_LS and LSS-ME give the best PSNR (both about 

0.3dB higher than our CAS_GD), but at a significantly higher computational cost. 

Overall, our CAS_GD gives the best trade-off between accuracy and complexity. These 

results should be taken with a grain of salt, though, because the motion present in these 

sequences is not entirely due to camera motion. Nonetheless, the results provide some 

insight into the GME performance that can be expected on real sequences. 

Table 2.8: Global motion compensation processing time, time in milliseconds 

Sequences CAS_GD FLT_GD GD RAN_LS LSS-ME 

Flower Garden 25.3 16.9 43.1 137.6 298.6 

Stefan 25.0 16.2 42.2 179.2 442.0 

City 25.1 15.9 44.0 143.2 479.3 

Tempete 24.9 15.8 42.5 98.9 488.2 

Waterfall 23.9 15.0 42.7 97.1 478.5 

Mobile Calenda 24.8 15.3 42.2 117.4 477.5 

Coastguard 24.8 16.2 44.2 117.7 464.6 

Average 24.8 15.9 43.0 127.3 446.9 
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3. Object Segmentation from Compressed Video 

Object segmentation is a useful technique for object-based video representation 

and description [76] [77]. In recent years, object segmentation and tracking has gained 

more attention due to an increasing number of content-based multimedia applications. 

Extraction of moving regions in compressed video can benefit many multimedia 

applications, such as video indexing and retrieval [78], image querying [50], video 

database browsing [51], and predictive decoding for interactive video applications [52]. 

By employing segmentation to automatically discriminate the moving regions, these 

applications can classify the objects at various levels of detail, and achieve different 

system goals by tracking the particular object and analyzing its trajectory.  

This Chapter will present multiple proposals on extracting moving objects from 

compressed video, starting with simple k-means clustering, which is further extended to 

employ a MV integration to refine object boundaries. As segmented boundary resolution 

is limited by the block-based MV field, we further incorporate spatial information into 

segmentation process to develop a coarse-to-fine object segmentation framework. 

Finally, a Markov Random Field (MRF) based segmentation approach is proposed to 

improve segmentation consistency across video frames. 

3.1. Compressed-Domain Segmentation using K-means 
Clustering 

3.1.1. Pixel-Domain vs. Compressed-Domain Segmentation  

Depending on the domain in which processing is done, segmentation 

approaches can also be classified as: 1) segmentation in pixel domain [14][15][66] [79], 

which relies on image features (e.g., colour, edge and texture); 2) segmentation in a 

compressed domain [20][68][80][27][51][61][67-71], which only utilizes compressed 

video data (e.g., MVs and/or DCT coefficients); and 3) joint segmentation, which 
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performs part of the processing in a compressed domain, and the rest in the pixel 

domain [18][27][81]. 

Pixel-domain methods extract objects by exploiting visual features such as 

shape, colour and texture. In this case, the compressed video has to be fully decoded 

prior to segmentation. The high computational load and over-segmentation of possible 

moving objects are two major drawbacks of these methods.  

Since video data is commonly stored in compressed form, compressed-domain 

segmentation appears more attractive for some applications. Compressed-domain 

methods exploit compressed domain data, such as MVs and DCT coefficients, to 

facilitate segmentation. These methods have significantly lower complexity than pixel-

domain methods. In this section, we propose a compressed-domain segmentation 

approach, which takes MVs from the compressed video stream and uses k-means 

clustering to extract moving regions. This approach is also present in our previous work 

[93]. 

3.1.2. MV-Based Segmentation Using K-means Clustering 

Motion information is available in the compressed video bit stream in the form of 

MVs. By isolating the regions of consistent motion, we can determine where the moving 

regions are in the frame. Figure 3.1 illustrates the idea of segmenting a moving region 

out of a frame based on motion consistency. Note that, since MVs are block-based, the 

region boundary will also follow block boundaries. 
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Figure 3.1: Illustration of block-based motion segmentation. 

References [61] and [62] described methods for achieving robust motion 

segmentation with adaptive k-means clustering. For the purpose of identifying moving 

regions, we adopt a similar approach by combining k-means clustering [63] and motion 

consistency verification [64]. The flow diagram of this motion segmentation approach is 

shown in Fig. 3.2. 

Motion information associated with each block is first extracted from the encoded 

bit stream. For intra-coded blocks, which do not have an associated MV, we assign a 

median MV computed from the 3×3 neighbouring blocks. The MVs are then normalized 

according to the temporal distance and direction indicated by the reference frame index 

[65] and mapped to the minimum block size supported by the particular coder — in our 

case 8×8 blocks since we are dealing with MPEG-4. This is done simply by splitting the 

larger blocks to the sub-blocks of the smallest supported block size, and assigning to 

each of the sub-blocks the MV of the parent block. The neighbouring MVs are then 

iteratively grouped into clusters using the k-means clustering algorithm with the help of 

the motion consistency model. The segmentation is carried out as follows: 
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Figure 3.2: The proposed k-means motion segmentation in 
compressed domain. 
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Figure 3.4: Region growing. 
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Step  1. MV statistics are computed first, to estimate the overall motion intensity in 

the clustering parameter estimator in Fig. 3.2: 

    
 

 
     

 

   

  Equation 3.1 

   
  

 

 
           

 

 

   

 Equation 3.2 

where   denotes the number of inter-coded blocks in the frame to be segmented, 

and   goes through all inter-coded blocks. Based on these statistics, we set two 

parameters: the region growing offset                 , and the minimum moving 

region distance               . These two parameters are used in region growing 

and region merger, respectively.  

Step  2. With the pattern from [64] shown in Fig. 3.3, a group of blocks with the 

most consistent MVs is chosen as the starting point (“seed”) for region growing. The 

consistency of MVs in the pattern in Fig. 3.3 is measured by the total deviation of the 

MVs from the centroid MV. Let Seed = {Center, Top, Bottom, Left, Right} be the set 

of locations of the blocks in the seed pattern, and let       
  be the centroid MV of 

Seed. The total deviation of MVs in the Seed from the centroid is given by 

              
         

      

 Equation 3.3 

We go through the entire frame to find the seed with minimum      . After we identify 

the seed, neighbouring blocks are tested for clustering, as shown in Fig. 3.4. 

Step  3. With      from step 1) and the seed from step 2), a region will gradually 

be grown by clustering bordering blocks into the region if their motion is sufficiently 

similar to the prevalent motion inside the region. Let   be the set of locations of MVs 

in the current region (at the start of region growing,       ). Motion consistency is 
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measured as the deviation of an MV from the centroid MV of region  , with the 

allowable deviation given by the following threshold:  

   
          Equation 3.4 

where  

           
         

   

 Equation 3.5 

and       
     is the centroid MV of region  . Now let     be the MV at location   that 

borders the current region  . The region growing process checks whether this MV is 

sufficiently similar to the prevalent motion inside the region, by checking if the 

following condition is satisfied: 

  
         

             
  Equation 3.6 

If Eq. 3.6 is satisfied, we group     into region  , otherwise     is left ungrouped.  

Step  4. If     was grouped into region  , we update the MV centroid and the 

motion consistency parameters in Eq. 3.4 and 3.5 using the newly added    . Steps 

3) and 4) are repeated until no more MVs can be grouped into region  , after which 

we start looking for the new seed. 

Step  5. Repeat steps 2) to 4) until no further seeds can be found. Any remaining 

ungrouped MVs are grouped into the neighbouring region with the closest centroid to 

it, as measured in Eq. 3.6.  

Step  6. Calculate the distance between centroid MVs of adjacent regions, and 

merge two adjacent regions if the distance between their centroid MVs is less than 

   , which was computed in step 1). 
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Step  7. Perform MV smoothing via vector median filtering with a 3×3 kernel size 

[20] to reduce MV noise inside each region. Only MVs from a given region are used 

in vector median filtering for smoothing the motion in that region. This way, we 

prevent the motion of one region (e.g., background) contaminating the motion in 

another region (e.g., moving object). 

Figure 3.5 shows the results of the just described block-based motion 

segmentation with sequences Flower Garden, Table Tennis, and Football, where the 

original video frames are also displayed to show what the exact moving regions look like. 

Frame #2 from Flower Garden, Frame #20 from Table Tennis, and Frame #35 from 

Football are used for this example. To display the result of motion segmentation, moving 

regions are filled with different luminance values to distinguish them from each other. 
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Figure 3.5: Block-based motion segmentation results. [Top 
to Bottom]Coastguard, Flower Garden, Table Tennis and 
Football. 



 

44 

From these results, we can see that the k-means based motion segmentation 

algorithm segments the moving regions reasonably well at the block-precision level. 

However, the true boundaries of moving regions do not necessarily match the block-

based boundaries obtained by motion segmentation. Therefore, boundary refinement is 

necessary if a smooth boundary is expected. 

To address the boundary refinement problem, we made two attempts in this 

thesis: 1) create a dense MV field by MV integration and conduct the refinement 

completely in compressed domain, and 2) incorporate spatial information into 

segmentation process by decoding the bitstrem and reconstructing video frames, and 

then refining the object boundary in pixel domain. The details of these two approaches 

are present in Sections 3.3 and 3.4, respectively, along with performance evaluations.  

3.2. Motion Segmentation Using Motion Integration 

Segmentation methods, which operate directly on a sparse (block-based) MV 

field [67-68], have low complexity, but often suffer from poor localization of object 

boundaries, and inconsistency in the number of segmented regions from frame to frame. 

Alternatively, one can create a dense (pixel-based) MV field by interpolation and then 

run segmentation on the dense field, at the cost of significantly higher complexity 

[61][69-70]. It remains a challenge to devise a fully compressed-domain segmentation 

method that achieves accurate object boundaries at reasonable computational 

expenses. 

In this section, we present a novel compressed-domain segmentation approach 

that uses only block-based MVs, and yet achieves moving region boundaries with pixel 

precision. Some of the material in this section can also be found in our earlier work 

[124]. A system diagram of the proposed segmentation is shown in Fig. 3.6. First, MVs 

are used for coarse segmentation at block-precision. Second, boundary regions are 

identified, and the motion field density is increased inside the boundary regions by 

performing pixel-based MV integration over a set of video frames. Finally, contour 

evolution is employed to refine moving region boundaries. 
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Figure 3.6: System diagram of moving region segmentation. 

3.2.1. Motion Vector Integration 

MVs in the compressed bitstream are usually generated using block-based 

motion estimation at the encoder by minimizing prediction error rather than finding true 

moving trajectories. These inaccuracies and low motion field density lead to poor 

boundary localization of segmented objects in the compressed domain. In order to 

obtain a high density motion field, we propose an MV integration scheme that can 

operate in a coherent or non-coherent fashion and on a block or pixel basis.  

3.2.1.1. Coherent vs. noncoherent MV Integration  

Due to the variable block size of encoded MVs, we first normalize (by splitting a 

block and assigning MV of the parent block to all child blocks) all blocks and their MVs to 

the minimum block size supported by a video codec, which we denote by   (e.g.,     

for pixel-based MV,     in H.264). Let                
          

      denote the MV 

for a block in frame  , and       denote the center coordinates of this block divided by  . 

As in [20], an integrated MV field can be obtained by summing up MVs over several 

previous frames: 
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 Equation 3.7 

                   

    n  
 

 
         

              
         Equation 3.8 

where   is the number of frames over which integration is performed, and         

represent the block's center coordinates in frame      . We refer to this process as 

coherent motion integration. 

The problem with this type of MV integration is that repetitive motion (e.g., 

bouncing ping-pong ball in Table Tennis) leads to motion cancellation, which may cause 

a moving region to become undetectable in certain frames. Hence, we introduce another 

way to integrate MVs, which we call noncoherent motion integration. This is done by 

adding up the MV magnitude over successive coherent integrations: 

     
                    

              

          

 

   

  Equation 3.9 

where   is the total number of frames used in this noncoherent integration, and         

is computed by Eq. 3.8. This way, when motion phase cancels out the motion of a 

particular region over a certain time period, motion magnitude should still help detect 

and segment that region. 

To harvest the benefits of both types of MV integration, we also propose a 

combination of coherent and noncoherent integration as shown in Fig. 3.7, where 

coherent integration is applied over blocks of   frames, while noncoherent integration is 

applied over   groups of   frames (i.e.,     frames in total). We refer to such a 

scheme as        combined MV integration. 
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Figure 3.7: Combined coherent and non-coherent MV 
integration. 

3.2.1.2. Block- vs. Pixel-based MV Integration  

MV integration can be block-based or pixel-based. Block-based integration is 

faster and requires less memory, which are its two biggest advantages. It is also less 

accurate than pixel-based integration, and leads to low resolution region boundaries, 

which has been an issue for all previous compressed-domain segmentation methods 

[18][20][27][78][80-81]. Block-based MV integration can be explained with the help of 

Fig. 3.8. Here,       is the center of block B4 in frame  . The reference block in the 

previous frame overlaps four blocks (B1 - B4). One way to achieve block-based MV 

integration is to add the weighted average of MVs of blocks B1 through B4 from the 

reference frame     to the MV of B4 in frame  , as in [20]. Another way, used in our 

system, is to add the MV of B4 in frame   to the MV of the block in frame     with which 

its reference block has the largest overlap. This is also known as Forward Dominant 

Vector Selection (FDVS) [125]. In Fig. 3.8, this is B3 with center        . This operation is 

easily executed via rounding in Eq. 3.8. 

The rounding operation adds quantization noise to the MVs, so we cannot expect 

high accuracy from block-based MV integration. But in our system, block-based 

integration is used only for coarse segmentation, to get a rough idea where moving 

regions are and to identify boundary regions between them. For higher accuracy needed 

in boundary refinement we use pixel-based MV integration, which can also be illustrated 
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in Fig. 3.8. Now, each pixel in B4 in frame   is assigned the MV of that block and to each 

of these MVs we add the MV of the reference pixel in frame    . This means that the 

pixels from the upper-left corner of B4 in frame   will acquire the MV of B1 in frame    , 

the pixels in the upper right corner of B4 in frame  will acquire the MV of B2 in frame     

and so on. For this kind of integration sub-pixel accurate MVs are rounded to pixel 

accuracy, which again adds some quantization noise to the MVs, but still allows for 

boundary region segmentation with pixel precision. 

B1 B2

B4 B3

Frame: t-1

Frame: t

Backwards

Motion Integration

B2

B3

B1

B4

(x, y)

(x’, y’)

 

Figure 3.8: Block- and pixel-based MV integration. 

3.2.2. Segmentation 

To balance the computational complexity and performance, we adopt a coarse-

to-fine strategy for segmenting moving regions in the compressed domain. In the method 

described in this section, all processing is done in the compressed domain and using 

only motion information. The segmentation process consists of four major steps: 1) 

Coarsely segmenting moving regions on a block basis; 2) Identifying boundary regions; 

3) Increasing motion density within boundary regions; and 4) Refining region boundaries 

using contour evolution. 
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Figure 3.9: Step-by-step segmentation results. [Top Left]: 
coarse segmentation, [Top Right]: boundary regions (darker 
areas), [Bottom Left]: contour evolution, [Bottom Right]: 
boundary refinement.  

Figure 3.9 illustrates the step-by-step results of moving region segmentation in 

frame #18 of Table Tennis, where             combined block-based MV integration 

is used for coarse segmentation, and             combined pixel-based MV 

integration is used for boundary refinement. Decoded MVs associated with each block 

are normalized according to the temporal distance and direction indicated by the 

reference frame index, and mapped to the minimum block size supported by the codec 

— 8×8 blocks in our case, since we are using MPEG-4. We integrate these normalized 

MVs on a block basis and detect moving regions by using the coarse segmentation 

algorithm from Section 3.1, which combines iterative k-means clustering and a motion 

consistency model (top left of Fig. 3.9). 
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We further identify boundary regions between moving regions based on the 

result of coarse segmentation. A block is flagged as a boundary block if it has 8-

adjacency neighbours from more than one region. These boundary blocks form 

boundary regions where real moving region boundaries are likely to be found (top right 

of Fig. 3.9). Boundary regions are subject to boundary refinement. The remaining 

regions are classified as interior regions. 

In order to find real region boundaries with pixel precision, we first use pixel-

based MV integration to increase MV density in boundary regions. Next, a Canny edge 

detector on motion magnitude is used to identify edges inside boundary regions. Then, 

an interior region contour is evolved via morphological erosion [82] of the boundary 

region using a 3×3 structuring element (bottom left of Fig. 3.9). In this process some 

contours of neighbouring regions may meet, in which case the pixel-wise boundary 

between these regions is identified. In other cases contours do not meet due to MV 

noise in the boundary region, so we use a morphological closing followed by opening to 

get smooth contours (bottom right of Fig. 3.9). 

3.2.3. Evaluation 

The performance of the proposed segmentation algorithm was tested in an 

MPEG-4 compressed domain. Several test sequences (Flower Garden, Table Tennis, 

Hall Monitor, Ice and Coastguard) at 30 fps, CIF (352288) and SIF (352240) 

resolutions were compressed at 512 kbps using the Xvid MPEG-4 video coder, with an 

IPPP GOP structure. All tests were done on a fairly standard desktop PC with an Intel 

Pentium D processor at 3GHz and 2GB RAM. 

We first illustrate the benefits of MV integration. Figure 3.10 shows how 

segmentation sensitivity can benefit from block-based MV integration, where sample 

frames are from Table Tennis. The top left of Fig. 3.10 shows Frame #9 reconstructed 

by the Xvid MPEG-4 decoder and the top right of Fig. 3.10 shows its corresponding 

normalized motion vector field without integration, where the brightness represents MV 

magnitude. We can observe some very vague moving regions. The bottom left of Fig. 

3.10 shows the motion field after coherently integrating MVs over 4 previous frames 

(from frame #6 to #9). The regions are more visible compared to the previous motion 



 

51 

field without integration. The motion field is further sharpened after coherent MV 

integration over 8 frames (from frame #2 to #9), as shown in the bottom right of Fig. 

3.10. The moving regions appear much more distinct from the static background and can 

be easily segmented. The only remaining issue is the boundary precision. Since all MV 

integrations in this example are performed on a block basis, moving regions end up with 

coarse (block-based) boundaries. 

 

Figure 3.10: Increasing segmentation sensitivity by block-
based MV integration on Table Tennis, [Top Left]: 
reconstructed frame #9, [Top Right]: motion field without 

integration, [Bottom Left]: motion field with             
MV integration, [Bottom Right]: motion field with       
      MV integration. 
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( a )

( b )
 

Figure 3.11: Increasing motion field density by pixel-based 
MV integration on (a) Table Tennis and (b) Flower Garden. 
[Top Left]: reconstructed frame #9, [Top Right]: motion field 
without integration, [Bottom Left]: motion field with 
            MV integration, [Bottom Right]: motion field 
with              MV integration. 
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Figure 3.11 illustrates how the density of the motion field can be increased by 

pixel-based MV integration on Flower Garden. The top left of Fig. 3.11 shows Frame #9 

reconstructed by the Xvid MPEG-4 decoder and the top right of Fig. 3.11 shows the 

motion vector field, where the brightness is computed based on the magnitude of the 

corresponding MV. Since no MV integration is involved, we can observe a very sparse 

motion field. The bottom left of Fig. 3.11 shows a denser motion field after coherently 

integrating MVs over 4 frames (from frame #6 to #9). We can vaguely figure out the tree 

trunk and there is a significant reduction in block-like edges. After coherent MV 

integration over 8 frames, as shown in the bottom right of Fig. 3.11 (from frame #2 to 

#9), the motion field appears much smoother, especially on the front line of the moving 

object (left boundary of the tree in this example), the region boundary is quite distinctive 

compared to its neighbouring regions. We can use common edge detectors (e.g. Canny) 

on motion magnitude to identify these boundaries and get a step closer to segmentation 

with pixel precision. 

 

Figure 3.12: Ground truth and region masks – Flower 
Garden and Table Tennis. [Left]: original frame, [Middle]: 
manually segmented regions, [Right]: region masks. 

We further quantitatively evaluate the proposed region segmentation on Flower 

Garden and Table Tennis. We manually labeled all the pixels of the fastest moving 
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regions in the first 20 frames (as shown in Fig. 3.12, tree in Flower Garden, player’s 

hand and ball in Table Tennis) as the moving object ground truth and tested how 

accurately these regions can be segmented. 

By counting the pixels correctly identified as moving region pixels (True Positives 

– TP), the pixels correctly identified as the background (True Negatives – TN), the pixels 

wrongly identified as moving region pixels (False Positives – FP), and the pixels wrongly 

identified as background (False Negatives – FN), Sensitivity, Specificity and False Alarm 

Rate (FAR) can be computed as Sensitivity = TP / (TP + FN), Specificity = TN / (TN + 

FP) and FAR = FN / (TP + FN). 

Using different MV integration configurations we constructed three segmentation 

methods with different complexities, and compared their performance. 

Method-1) (Low complexity): the simplest segmentation method, where only coarse 

segmentation is used without MV integration. 

Method-2) (Medium complexity):             block-based MV integration for coarse 

segmentation, followed by              pixel-based MV integration for boundary 

refinement. 

Method-3) (High complexity):              block-based MV integration for coarse 

segmentation, and              pixel-based MV integration for boundary 

refinement. 

Table 3.1 shows the average sensitivity, specificity and FAR of segmentation for 

the three methods. We can see that both segmentation sensitivity and specificity benefit 

from MV integration over multiple frames and Method-3 has a FAR twice as low as 

Method-1 on both sequences. 

For further comparisons, we plot sensitivity and specificity values of three 

segmentation methods for the first 20 frames of Flower Garden and Table Tennis shown 

in Fig. 3.13. The overall performance of Method-3 is generally the best. Please note that 

in Table Tennis, where MVs appear more inconsistent over frames than Flower Garden, 

the sensitivity curve of Method-3 appears much smoother than that of Method-1 and 

Method-2. 
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Table 3.1: Sensitivity, specificity and false alarm rate 

Sequence Flower Garden Table Tennis 

Sensitivity (%) 

Method-1 97.08 77.69 

Method-2 98.36 86.23 

Method-3 98.86 89.95 

Specificity (%) 

Method-1 92.95 95.57 

Method-2 93.58 96.15 

Method-3 94.82 96.29 

FAR (%) 

Method-1 2.92 22.31 

Method-2 1.74 13.77 

Method-3 1.14 10.05 

 
Table 3.2: Average segmentation time per frame 

Sequence 

Time in milliseconds 

Xvid 

Decoding 
Method-1 Method-2 Method-3 

Table Tennis 6.19 7.12 39.08 47.74 

Coastguard 6.68 6.35 36.36 51.23 

Flower Garden 5.98 6.17 42.86 59.99 

Ice 7.01 7.34 45.95 55.57 

Hall Monitor 7.22 6.99 37.58 52.06 

 

Finally, Fig. 3.14 shows region segmentation results of the five test sequences 

for three methods, which illustrate the improvement on segmentation sensitivity and 

region boundaries using MV integration. Images from left to right are the segmentation 

results from Method-1, Method-2, and Method-3, respectively. We can observe the 

coarseness of region segmentation by Method-1, while region boundaries are refined 

and much closer to real object boundaries by pixel-based MV integration in Method-3. 

We also investigated the complexity of the proposed algorithms by measuring 

their average execution time within the setup described above. The results for the three 

methods with different integration configurations are reported in Table 3.2. We also 
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report the Xvid MPEG-4 decoding time per frame, which is the amount of time we can 

save using the proposed compressed domain approach compared to other approaches 

based on pixel-domain processing (which involves decoding). Note that while Method-3 

is the most accurate among the three methods, its processing requires 40~50 

milliseconds per frame. In order to achieve 30 frames per second, the algorithm would 

need further optimization, possibly on an advanced platform such as GPU. 

 

 

 

 

 

 

 

 



 

57 

 

 

Figure 3.13: Sensitivity and specificity of region 
segmentation – Flower Garden and Table Tennis. 
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Method - 1 Method - 2 Method - 3

 

Figure 3.14: Region segmentation results of five sequences 
for the three methods. [Left to right], Method-1, Method-2, 
and Method-3, respectively. [Top row to bottom row]: Table 
Tennis, Coastguard, Flower Garden, Ice, and Hall Monitor, 
respectively. 
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3.3. Coarse-to-Fine Moving Region Segmentation 

In this section, we address object boundary localization problem by proposing a 

combined compressed-domain and pixel-domain segmentation framework. The block-

based k-means segmentation algorithm described in Section 3.1 enables us to coarsely 

isolate moving regions at block precision. Subsequently, we identify the coarse 

boundaries between moving regions and then perform fine segmentation of these 

boundaries using the local colour and edge information. This way, we direct the 

computational effort associated with pixel-based processing where it is most needed — 

near the boundaries of moving regions. This leads to a coarse-to-fine segmentation 

algorithm, as we present below. This framework is also presented in our previous work 

[27].  

The coarse-to-fine segmentation algorithm consists of three phases: 

1. Block-based coarse segmentation from motion, described in Section 3.1. 

2. Block-based boundary region identification. 

3. Pixel-based fine segmentation of boundary regions using colour and edge 

information. 

In the first phase, described in the Section 3.1, we make use of the block-based 

motion vectors (MVs) available in the compressed bitstream to isolate different moving 

regions. At the end of this phase a coarse segmentation map is generated from which 

we extract the boundaries of the moving regions in the second phase. In the third phase, 

a fine pixel-based segmentation is applied to the block-based boundaries identified in 

the second phase to give a more accurate segmentation map of the moving regions. 

Therefore, computationally demanding pixel-based processing is only performed in the 

last phase of the algorithm. 

Since the first two phases rely on the existing MVs, they can be applied to P- or 

B-frames, but not to I-frames. While it is possible to use a purely spatial segmentation 

method for the I-frames, there is really no need for it. The number of I-frames is 

generally small compared to P- or B-frames, and they are usually far apart, so any object 
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of interest that appears in an I-frame would also appear in one or more intermediate P- 

or B-frames. 

3.3.1. Boundary Region Refinement 

An important step prior to fine region segmentation is to classify blocks based on 

the result of coarse segmentation. Within each region, each block is classified in terms 

of its position as either an interior block or a boundary block. A block is classified as a 

boundary block if it has 8-adjacency neighbours from more than one region. Otherwise, 

it is classified as an interior block. 

Interior blocks are not subject to fine segmentation. Instead, they provide local 

colour statistics that are used in subsequent region growing. A region consisting of 

interior blocks is called an interior region, while a region made up of boundary blocks is 

called a boundary region. These boundary regions will be re-segmented based on local 

edge and colour information. 

 

Figure 3.15: Boundaries of the coarse segmentation map 
(left) and boundary regions (right). 

Figure 3.15 shows an example of boundary regions for frame #2 of Flower 

Garden. The left part of the figure shows the boundaries of the coarse segmentation 

map from Fig. 3.5 overlaid on top of the actual frame, while the right part shows the 

boundary blocks identified from the coarse segmentation map. These blocks are shown 

with a slightly darker grey level. They occupy only 22% of the frame in this example, 
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which means that the computationally intensive pixel-based segmentation will only be 

needed in a relatively small part of the frame.  

3.3.2. Colour Clustering Initialization in the I-Frame 

As stated above, I-frames are not segmented in the proposed method. Instead, 

they are used to help segment other frames by providing initial colour clusters that 

represent the dominant colours of a particular scene. The refinement of colour clusters is 

done in subsequent P- or B-frames via k-means clustering.  

The initialization of colour clusters starts by quantizing the reconstructed I-frame 

into YUV colour bins of size 8×8×8. Then we create a histogram that counts how many 

pixels are included in each bin. Using this histogram we can reduce the number of bins 

by choosing a subset of bins that account for a certain percentage of the pixels in the 

frame. This way, we can choose the number of bins and their locations in the YUV space 

that are appropriate for a particular scene. The colour bins obtained in this way are taken 

as the initial set of clusters for subsequent refinement via k-means clustering in the 

following P- or B-frames. 

3.3.3. Fine Segmentation in P- or B- Frames 

The final segmentation phase starts with edge detection in boundary regions 

using the Canny edge detector. After this, a region growing process is initiated where the 

local edge and colour information are used to merge pixels in the boundary region into 

one of the neighbouring interior regions. 

A sliding window of size 3×3 blocks (24×24 pixels when using 8×8 pixel blocks in 

MPEG-4 video) is used to calculate local colour statistics. This window is moved in the 

vicinity of boundary regions and region growing happens when the center block of the 

sliding window is located on an interior block which borders a boundary region in its 4-

adjacency neighbours. An example can be seen in Fig. 3.16. Region growing consists of 

the following steps: 
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Figure 3.16: Window location for region growing. 

Step  1. Calculate the region growing threshold    for the interior region within the 

window.    is defined as the weighted Root Mean-Square (RMS) deviation [51] of 

interior region pixels values            within the window, from their mean values 

          : 

    
 

 
                                   

 

   

 
Equation 3.10 

Here,   is the number of interior pixels within the window, while the weights   ,   , 

and    are chosen to balance the influence of color components on the color 

distance. In our experiments,                   . 

Step  2. Group the boundary region pixel             within the window into the 

neighbouring interior region if the pixel is not on the edge, and the color distance 

between the pixel and mean of the interior region is less than   : 

                                     Equation 3.11 



 

63 

Step  3. Repeat steps 1) and 2) until no more pixels can be grouped based on 

local colour statistics. Then grow all existing regions up to the edges. 

Step  4. Group all remaining pixels in boundary regions, including edge pixels, to 

the neighbouring interior region with the closest mean in the sense of the colour 

distance in Eq. 3.10. 

Figure 3.17 illustrates the step-by-step results of fine segmentation for frame #2 

of Flower Garden.  

 

Figure 3.17: Region growing results after step 1 (top left), 
step 2 (top right), step 3 (bottom left) and step 4 (bottom 
right).  

3.3.4. Evaluation 

The proposed coarse-to-fine moving region segmentation has been implemented 

in the XviD MPEG-4 decoder, and tested on three standard YUV SIF (352×240) 

sequences at 30 fps: Flower Garden, Table Tennis, and Football. 
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Figure 3.18: Number of clusters vs. color coverage 

 

Figure 3.19: Number of k-means iterations vs. cluster RMSE, 
for coverage of 80%, 85%, 90%, and 95%.  

The number of colour clusters that is appropriate for a particular sequence 

depends on the characteristics of that sequence. We use two sequences, Table Tennis 

and Flower Garden, to show the relationship between the number of clusters and the 

percentage of pixels that fall into those clusters (called “colour coverage”) as shown in 

Fig. 3.18. 
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In our experiments, we used the number of clusters that gave the color coverage 

of 90%, which turned out to give a good compromise between computational complexity 

(which increases with the number of clusters) and segmentation accuracy. From Fig. 

3.18, to achieve 90% coverage, 11 clusters are needed for Table Tennis and 25 clusters 

for Flower Garden. This is not surprising, because Flower Garden has a larger variety of 

colors. Choosing the color clusters based on this simple coverage criterion allows our 

method to pick the number of clusters that is appropriate for each sequence. 

Next, Fig. 3.19 displays the relationship between the number of k-means 

iterations and the average Root Mean-Square Error (RMSE) of color clusters for Table 

Tennis and Flower Garden. With 90% coverage, five iterations are enough to bring 

RMSE below 1, which is low enough for our purposes. These five k-means iterations are 

carried out in the I-frame, while only one iteration is performed in each subsequent P- or 

B-frame to update the clusters. 

Finally, Fig. 3.20 shows the visual comparison between coarse and fine 

segmentation for the frames from Fig. 3.5. It can be observed that region boundaries 

obtained by fine segmentation are very close to the real boundaries. 

In addition to visual comparison, we provide a quantitative comparison between 

coarse and fine segmentation in Tables 3.3 and 3.4 for sequences compressed at 512 

kbps and 256 kbps, respectively. To get the ground truth, we manually labelled all the 

pixels of moving regions of interest – tree in Flower Garden, players in Football, player 

and ball in Table Tennis. Based on the ground truth, we counted the pixels in the moving 

regions that are correctly segmented as moving regions (these pixels are called True 

Positives – TP), the pixels from the “stationary” region (the region with the lowest motion, 

which can be interpreted as background) that are wrongly identified as moving region 

pixels (these are called False Positives – FP), stationary region pixels correctly identified 

as stationary region pixels (these are True Negatives – TN), and moving region pixels 

wrongly identified as stationary pixels (these are False Negatives – FN). Using these 

counts, we computed Sensitivity, Specificity and False Alarm Rate (FAR) as explained in 

Section 3.2.3. 
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Figure 3.20: Coarse-to-fine segmentation [Top to Bottom]: 
Flower Garden (frame #2), Table Tennis (frame #4), and 
Football (frame #2). 

Table 3.3: Coarse (C) vs. Fine (F) segmentation at 512 kbps 

Sequence 
Sens. (%) Spec. (%) FAR (%) 

C F C F C F 

Flower Garden 91.6 94.9 94.5 98.1 8.4 5.1 

Table Tennis 80.2 93.8 97.1 99.1 19.8 6.2 

Football 86.1 90.3 92.0 96.1 13.9 9.7 
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Table 3.4: Coarse (C) vs. Fine (F) segmentation at 256 kbps 

Sequence 
Sens. (%) Spec. (%) FAR (%) 

C F C F C F 

Flower Garden 88.6 92.5 92.3 97.1 11.4 7.5 

Table Tennis 79.9 91.5 96.1 98.6 20.1 8.5 

Football 84.8 88.9 90.8 95.3 15.2 11.1 

As seen in the tables, coarse-to-fine region segmentation can improve sensitivity 

up to 13%, while reducing FAR 2-3 times compared to the coarse segmentation. Note 

that the segmentation accuracy reduces at lower bit rates, as expected, since the motion 

vectors and pixel values are less accurate at lower bit rates. 

Finally, we assess the speed of the proposed coarse-to-fine segmentation 

method by measuring its execution time on a fairly standard desktop PC with an Intel 

Pentium CPU at 3.0 GHz and 2 GB of RAM. On average, it takes 5.3ms to initialize the 

colour clusters in the I-Frame, 4.0ms to perform coarse segmentation, and 4.1ms to 

perform subsequent fine segmentation. 

3.4. Coarse-to-Fine Segmentation Using Markov Random 
Fields 

The coarse-to-fine segmentation approach presented in Section 3.3 effectively 

balances complexity and accuracy. However, maintaining a consistent number of 

segmented regions across frames is still a challenge. Under- and over-segmentation are 

two common issues in this regard. Similar problem exists in other joint compressed-

domain and pixel-domain approaches [27][51][71].  

In this section, we address the segmentation consistency issue by employing a 

Markov Random Field (MRF) motion model within a coarse-to-fine segmentation 

framework. Some of the material presented in this section can be found in our earlier 

work [73] [75]. A distinctive feature of our method is the use of MV quantization based on 

local motion similarity to find the most likely number of moving objects/regions and use 

the statistics of the resulting clusters to initialize prior probabilities for subsequent 
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Markov Random Field (MRF) classification. This way, the proposed method is able to 

overcome some of the difficulties faced by previous methods, such as over-

segmentation [14-15], under-segmentation [67], and segmented region inconsistency 

[27][51[71]. Further, maintaining coarse-to-fine framework yields a segmentation map 

with more accurate region boundaries than can be achieved by purely compressed 

domain methods [67-68], while still having a much lower complexity than pixel domain 

methods [61][69-70]. 

A block diagram of the proposed segmentation system is shown in Fig. 3.21. The 

system incorporates two major segmentation components: coarse segmentation from 

motion, which is carried out in the compressed domain, and fine segmentation, 

performed in the pixel domain near moving region boundaries. GME and GMC, along 

with MV quantization, serve as the foundations for coarse segmentation, and facilitate 

the computation of the priors for Markov Random Field (MRF) MV classification. 

GME & GMC

Motion

Vectors

Video 

Decoder

MRF MV Classification

Fine

Segmentation

Moving 

RegionsMV Quantization

Compressed 

Video

Coarse 

segmentation

Reconstructed
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Boundary Region Seg.

Interior Region Growing

Edge Detection

 

Figure 3.21: Overview of the MRF moving region 
segmentation system. 
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Figure 3.22: (a): Illustration of the MRF motion model, (b): 
interior regions grow towards boundaries. 

3.4.1. Markov Random Field Motion Model 

The approach to coarse motion segmentation is based on a Markov Random 

Field (MRF) motion model [15], [70], [74]. As illustrated in Fig. 22(a), in a MRF motion 

model, motion vectors              within a given moving region    follow a 

conditional distribution          , while region labels ( 's) follow a 2D MRF distribution 

based on a given neighbourhood system. The goal is to infer region labels ( 's) from the 

observed MV field.  

To simplify calculations, we assume that within each region, MVs form an 

independent bivariate Gaussian process. Under this assumption, the likelihood function 

for the  -th block in the frame is. 
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Equation 3.12 
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where    
  and    

   are the means of the horizontal and vertical MV components within 

the region labeled   , while    
  and    

  are the corresponding standard deviations. The 

dependence among the labels of neighbouring blocks is modeled by a MRF, which 

follows the Gibbs distribution: 

      
 

 
           

 

 Equation 3.13 

where   is the normalizing constant ensuring that         ,   is a clique (a set of 

neighbouring blocks) and      is the clique potential. We only consider the 4-adjacency 

cliques. In other words, two blocks form a clique if one is immediately to the North, 

South, East or West of the other, as illustrated in Fig. 3.23. 

Pair-wise Cliques

 

Figure 3.23: First-order MRF system and clique 
configuration. 

If    and    are the region labels of the two blocks in clique  , the potential of   

is defined to be 

      
                
                  

  Equation 3.14 
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where     is a parameter controlling the homogeneity of the regions. Based on Eq. 

3.14 and 3.15, nearest neighbours are more likely to have the same region label. 

3.4.2. MV Quantization and MRF Parameter Estimation 

The presence of camera motion often worsens the performance of these 

segmentation approaches, and objects may be over-segmented due to motion bias 

introduced by camera movement. Prior to MV quantization, GME and GMC are 

employed to remove the influence of camera motion on the MV field. 

We use a perspective model with eight parameters,            , to 

represent global motion. This model describes the 2D projection of the 3D motion of a 

planar surface, so it is often used to model the motion of the background, which is 

assumed far from the camera. Estimating global motion parameters ( ) from noisy MV 

fields involves two steps, often performed iteratively: outlier removal and parameter 

estimation. In this section, we use LSS-ME [11] for estimating   due to its superior 

performance when the 8-parameter perspective motion model is used [26]. 

Let    be the vector of estimated GM parameters from LSS-ME in frame  . The 

global motion can be compensated from the MV at location       in frame   by: 

     
                            Equation 3.15 

where      
       is the compensated MV at location      , and             is the MV 

generated by the global motion model   . Motion quantization is then conducted on 

     
      . 

The main difficulty in MRF segmentation is to determine the parameters that 

specify the MRF, particularly the number of motion segments and their statistics. Our 

approach is to first perform vector quantization of MVs in order to estimate these 

parameters. To achieve robust quantization, we suppress the influence of possibly 

inaccurate MVs by examining the smoothness of the MV field [23]. An MV that is very 

different from its neighbours, and therefore suspected to be inaccurate, will have less 

influence on the resulting quantization. A similar idea was studied in [14] in the context of 



 

72 

colour quantization. We first apply a 33 vector median filter to the MV field. Then, for 

each motion vector    , find the maximum Euclidean distance        from its 8-

adjacency neighbours and assign it the weight                 . Using these weights, 

we run a generalized Lloyd algorithm for vector quantization: 

Step  1. Start with a single cluster (all MVs in the frame), compute its centroid 

       as 

       
       

    
 Equation 3.16 

then split it into two clusters by deriving two new centroids as                . 

Step  2. Quantize all MVs in the frame into existing clusters using the nearest 

neighbor criterion. Then, for the  -th cluster   , update the centroid MV as: 

      
   

            

         

 Equation 3.17 

Step  3. Compute the weighted distortion of each cluster   : 

                   
   

      

 Equation 3.18 

Let    be the cluster with the maximum weighted distortion, and let     ,     ,     , 

and      be, respectively, the maximum and minimum horizontal and vertical 

component among the centroids. Split cluster    into two clusters with centroids 

      
    , where 

   
         

      
 
         

      
  Equation 3.19 

and   is the total number of clusters prior to splitting. 
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Step  4. Repeat steps 2) and 3) until the total weighted distortion (sum of all     ) 

becomes less than a given threshold (in our experiments, 5% of its initial value in 

step 1), or the smallest cluster size becomes less than another threshold (in our 

experiments, 5% of the total MV field size). 

The 5% thresholds on weighted distortion and cluster size have been chosen 

empirically based on our initial experiments, to balance the computational complexity 

and segmentation accuracy. Upon completion, a preliminary segmentation map is 

obtained: MVs in cluster    obtain the region label   , which enables us to compute 

   
     

     
     

  and      . 

3.4.3. Markov Random Field Motion Segmentation 

For block  , based on Bayes' theorem, the posterior probability             is 

proportional to                 , so the Maximum A Posteriori (MAP) estimate of    is 

given by: 

            
               Equation 3.20 

where             is computed as in Eq. 3.13 and       as in Eq. 3.15 and 3.16. The 

MAP segmentation for the entire MV field corresponds to maximizing: 

               

 

 Equation 3.21 

The final segmentation map is obtained using the method of Iterated Conditional 

Modes (ICM) [21], by iteratively solving Eq. 3.22 for each block in the frame. We use the 

ICM implementation from [15] (modified for MV segmentation instead of pixel 

segmentation), with six iterations. The final step is to identify small regions whose size is 

less than 2% of the total MV field, and group each block in those regions to the 

neighbouring large region with the closest centroid MV. 



 

74 

3.4.4. Boundary Refinement 

A segmentation map obtained from the coarse segmentation (Fig. 3.22(a)) is 

block-based. Since real region boundaries rarely follow block boundaries, segmentation 

map must be refined. Figure 3.22(b) illustrates the boundary refinement procedure. 

Based on motion consistency along the coarsely segmented regions, we first identify the 

blocks that likely contain region boundaries, and then apply a region growing procedure 

to obtain pixel-wise boundaries using features such as edges and colour. 

The boundary refinement process consists of three steps: boundary block 

identification (Fig. 3.24 (a)-(b)), edge detection (Fig. 3.24 (c)-(d)), and interior region 

growing (Fig. 3.24 (e)-(f)). Boundary blocks are identified in the segmentation map from 

Section 3.4.3 using the Region Motion Deviation (RMD) map. The RMD value   
  of     

within region   is the normalized deviation of     from the centroid MV of region  : 

  
       

  
 

    
     Equation 3.22 

where 

  
         

                     
         

    Equation 3.23 

A two-pass procedure is employed to classify a block as either a boundary block 

or interior block. In the first pass, we scan all the blocks in the raster scan order and for 

each block we check its East (E), South (S), and South-East (SE) neighbouring blocks, if 

available. If any of these blocks belong to a different region than the one the current 

block belongs to, we compare the RMD values of all four blocks (current, E, S, SE), and 

label the block with the highest RMD value as a boundary block. In the second pass, we 

seek to extend the boundary to be at least 2 blocks (16 pixels) wide, to improve the 

chance that the real region boundaries lie within boundary blocks. To do this, we check 

the 4 adjacent neighbours of all boundary blocks found so far and check if they have at 

least one horizontal (vertical) neighbour classified as a boundary block. If not, we label 
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the horizontal (vertical) neighbour with the higher RMD value as a boundary block. At the 

end, all blocks not classified as boundary blocks are labelled as interior blocks. 

A Canny edge detector on the Y-component is used to identify edges within 

boundary blocks as shown in Fig. 3.24(c). Then, interior regions are grown towards each 

other via morphological erosion of the boundary blocks using a 3×3 structured element. 

During the process, the structured element is not allowed to cross an edge. Hence, this 

restricted erosion will move the interior region boundaries up to the nearest edge(s). In 

this process some boundaries of neighbouring interior regions may meet, in which case 

the pixel-wise boundary between these regions is identified. In other cases boundaries 

do not meet due to a complicated edge pattern between them, so we further employ 

region growing based on colour, as in [27], to finalize region boundaries. 

In Fig. 3.24, we illustrate the refinement procedure on frame #22 from Flower 

Garden. Figures 3.24 (a)-(b) show boundary block identification, Figs. 3.24 (c)-(d) show 

detected edges in boundary regions and Figs. 3.24 (e)-(f) show interior region growing. 

In this example, the comparison is made between the segmentation produced by the 

algorithm from our previous work [75] that incorporates GMC (Fig. 3.24 (a), (c), (e)), and 

the one produced in our previous work [73] (Fig. 3.24 (b), (d), (f)), which does not include 

GMC. In both cases the tree trunk is well-segmented, but the method from [73] ends up 

with a higher number of regions in the background due to its lack of GMC. 
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Figure 3.24: [Top]: Coarse segmentation and identified 
boundary blocks, [Middle]: Initial boundary regions and 
edges within them, [Bottom]: result of interior region 
growing. Segmentation with GMC is employed on the left, 
while segmentation without GMC is employed on the right. 
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3.4.5. Evaluation 

The MRF segmentation algorithm has been tested on a variety of standard 

sequences with different motion characteristics. The sequences are CIF (352×288) and 

SIF (352×240) resolution with a frame rate of 30 frames per second. In this work we use 

the XviD MPEG-4 codec (http://www.xvid.org/) for compression, with the IPPP GOP 

structure, at 512 kbps. We point out that the segmentation framework is generic and 

easily adapted to other video compression standards. The MVs extracted from the 

bitstream are normalized to form a uniformly sampled MV field, where each MV 

corresponds to an 88 block. 

 

Figure 3.25: (a) and (b): weighted quantization error vs. the 
number of motion classes, (c) and (d):  the corresponding 
segmentation map after MV quantization, where segments 
are distinguished by different colours. 

( a ) ( b )

( c ) ( d )
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β = 0

β = 1.5 β = 3.5
 

Figure 3.26: [Top Left]: Posteriori energy vs. iterations; 

Other figures: MRF segmentation with              . 

We first evaluate MV quantization as a way to determine the number of MRF 

classes and to provide the initial segmentation map. Figures 3.25(a) and (b) show how 

the weighted quantization distortion changes as a function of the number of classes on 

sample frames from Flower Garden (frame #2) and Table Tennis (frame #4). Figure 

3.25(a) indicates that three classes seem to be appropriate for frame #2 of Flower 

Garden, while Fig. 3.25(b) indicates that two classes are appropriate for frame #4 of 

Table Tennis. The corresponding initial segmentation maps are shown in Figs. 3.25(c) 

and (d), respectively. These initial segmentation maps enable us to calculate the means 

and variances of horizontal and vertical MV components within each region. 

Next, we evaluate MRF segmentation, especially the number of ICM iterations 

and the role of parameter   in Eq. 3.15, which influences the spatial structure of the 
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MRF. In the top left part of Fig. 3.26 we show the posteriori energy (the sum of potentials 

in Eq. 3.15 of all cliques in the field) vs. the number of iterations of ICM implementation 

from [15] when      . The graph indicates that 4-6 iterations are sufficient, as 

suggested in [15]. Hence, we used 6 iterations in all our experiments. 

The rest of Fig. 3.26 shows the segmentation of frame #2 of Flower Garden 

obtained by setting   to 0, 1.5, and 3.5, respectively. When    , no spatial constraints 

are imposed on the MRF, so the segmentation does not change from its initial layout 

obtained by MV quantization (Fig. 3.25(c)). As   increases, neighbouring blocks are 

more likely to be in the same region, so region boundaries end up being more compact. 

Our experiments indicate that       provides a good balance between boundary 

compactness and segmentation accuracy, so we use this value in the remaining 

experiments. 

In Fig. 3.27(a), we illustrate the final MRF segmentation of frame #2 of Flower 

Garden (after merging blocks from small regions to neighbouring regions) and in Fig. 

3.27(b) we show the boundary refinement results. For comparison we also show the 

results from four other state-of-the-art segmentation algorithms — [14], [67], [69] and 

[27]. Figure 3.27(c) shows the segmentation result using the algorithm from [14], which 

is image-based and does not use motion information and thus results in over-

segmentation. This problem has been mitigated to some extent by the method proposed 

in [27], shown in Fig. 3.27(d), which utilizes k-means clustering and motion consistency. 

However, the scene is still over-segmented. Figure 3.27(e) shows the result of using the 

method from [67], which is based on MRF with two motion classes (background and 

foreground). The result is an under-segmented scene with part of the background 

(garden) included in the same segment as the foreground (tree trunk). Finally, Fig. 

3.27(f) shows the segmentation result from [69], which is a MV-based approach using 

the Expectation Maximization algorithm on a dense MV field. This method ends up with 

the same number of motion classes as ours, but these motion classes (segments) are 

less compact than in our case and some are not even spatially connected. A few other 

segmentation results of our method are shown in Fig. 3.28. 
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Figure 3.27: (a): Coarse MRF segmentation, (b):boundary 
refinement. (c, d, e, f): segmentation result from Ref. [14], 
[27], [67] and [69], respectively.  
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Figure 3.28: Final segmentation results from sequences: (a) 
Table Tennis (frame #5), (b) Stefan (frame #31), (c) 
Coastguard (frame #40), and (d) Hall Monitor (frame #50).  
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TP TN FP FN

 

Figure 3.29: Quantitative evaluation – Flower Garden. [Top]: 
the proposed method, frame #1, #3, #5, #7, from left to right, 
[Middle]: corresponding segmentation using method from 
[4], [Bottom]: the quantitative evaluation for the proposed 
method (left) and method from [4] (right). 

In addition to the visual results above, we provide a quantitative evaluation of our 

method, using the manually segmented sequences Flower Garden and Table Tennis. 

We test how accurately the fastest moving objects (tree trunk in Flower Garden, player’s 

hand and ball in Table Tennis) can be segmented. By counting the True Positive (TP) 

pixels, True Negative (TN) pixels, False Positive (FP) pixels, and False Negative (FN) 

pixels, we can compute several quantities for measuring segmentation accuracy: 

Precision = TP / (TP + FP), Recall = TN / (TN + FN), and F-measure as the harmonic 

mean of Precision and Recall. In terms of these quantities, we compare our method and 

the method from [67], which is the latest work addressing MRF motion segmentation in 
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block-based compressed video. In our implementation, 88 uniformly sampled MV field 

is used. 

 

Figure 3.30: Quantitative evaluation – Table Tennis. [Top]: 
the proposed method, frame #1, #3, #5, #7, from left to right, 
[Middle]: corresponding segmentation using the method 
from [4], [Bottom]: the quantitative evaluation for the 
proposed method (left) and  the method from [4] (right). 

The top and middle rows in Figs. 3.29–3.30 show the segmented objects in 

frames #1, #3, #5, and #7 extracted by our method and the one from [67]. The TP, TN, 

FP, and FN pixels are also shown. The last row in both figures shows the quantitative 

measures for the first 25 frames of Flower Garden and Table Tennis, while their 

averages are listed in Table 3.5. For Flower Garden, the method from [4] has an 

average precision of 0.41 due to under-segmentation (background pixels included in the 

foreground, shown as blue pixels in Fig. 3.29), while our method maintains a much 
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higher precision of 0.86. The performance of the two methods is more similar on Table 

Tennis, where the assumption made in [67] about two motion classes (foreground and 

background) is more appropriate. Nonetheless, our boundary refinement yields more 

accurate boundaries, which again leads to higher precision (0.91 vs. 0.79). Finally, note 

that our segmentation method has a reasonably low complexity. On a standard desktop 

PC with an Intel Pentium CPU at 3.0 GHz and 2 GB of RAM, on a CIF sequence, motion 

segmentation (in MATLAB) takes on average about 80ms per frame, while boundary 

refinement (in C/C++, Visual Studio 7) takes about 20ms. 

Table 3.5: Average precision, recall, and f-measure. 

Sequence 
Flower Garden Table Tennis 

Proposed Ref. [67] Proposed Ref. [67] 

Precision 0.86 0.41 0.91 0.79 

Recall 0.94 0.98 0.67 0.69 

F-measure 0.90 0.56 0.75 0.72 
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4. Joint Approach to Global Motion Modelling 
and Segmentation 

In Chapter 2 and 3, we have discussed global motion modeling and object 

segmentation as two separate tasks, however, in many content-based video processing 

systems, the presence of moving objects limits the accuracy of global motion estimation 

(GME). On the other hand, the inaccuracy of global motion parameter estimates affects 

the performance of motion segmentation. In this chapter we are going to describe a 

framework for simultaneous global motion modelling and segmentation in compressed 

video. Some of the material in this chapter can be found in our earlier work [126]. The 

proposed procedure starts with removing MV outliers from the MV field and then 

performs GME to obtain an estimate of global motion parameters. Using these estimates 

global motion is removed from the MV field and moving region segmentation is 

performed on this compensated MV field. MVs in the moving regions are treated as 

outliers in the context of GME in the next round of processing. Iterating between GME 

and motion segmentation helps improve both GME and segmentation accuracy. 

4.1. Introduction 

4.1.1. GME and Motion Segmentation 

Global motion estimation (GME) and motion segmentation are two widely used 

techniques in video coding [4], computer vision [5-6] and content-based video analysis 

[7-9]. GME estimates motion caused by camera movement in a video sequence [1] and 

can be done in either the pixel domain [2] [4] [8] [10] or compressed domain [3] [11-13] 

[29]. Compressed-domain approaches are computationally less demanding, since they 

utilize block-based MVs from the compressed bit stream. However, their accuracy may 

also suffer due to outliers in the MV field, caused either by imperfect motion estimation 

at the encoder or by objects whose motion is different from the camera motion. Hence, 



 

86 

identifying and removing outliers is one of the main challenges of compressed-domain 

GME. In the approach proposed here motion segmentation is the cornerstone of outlier 

removal. 

Combined motion estimation and segmentation have been studied previously in 

the context of optical flow estimation. For example, in [33] a 6-parameter affine motion 

model is estimated for each segment in the scene at the same time as segmenting the 

optical flow field. The approach in [34] generalizes [33] and several other related 

methods by introducing the residual motion field to account for model errors, in addition 

to the 6-parameter affine motion field for each segment. In both these works, the flow is 

modelled as a Markov Random Field (MRF) and Bayesian segmentation is used to 

isolate regions that appear to move differently from each other.  

MV Outlier Removal

Moving

Regions

MV 

Field

Global Motion Estimation

Bayesian Motion Segmentation

GM 

Parameters

Global Motion Compensation

 

Figure 4.1: The system diagram of the joint approach to 
compressed-domain global motion estimation and motion 
segmentation. The framework offers combined GM 
parameters and video moving object information. 

Although motion estimation and segmentation have been considered jointly in the 

context of optical flow estimation, as discussed above, in the literature on GME itself 

motion estimation [2-13] and object segmentation [14-19] are usually treated as two 

separate topics. Notable exceptions, where some connection between GME and 
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segmentation is made, include [8] and [20]. In [20], Liu et al. proposed a segmentation 

framework in the compressed domain, where GM compensation is employed to obtain 

MV residuals prior to segmentation. In their approach GME itself was conducted without 

moving object removal from the MV field. Qi et al. [8] developed a pixel-domain GME 

framework for video object segmentation, where object information is obtained by 

performing GM compensation in the pixel domain and used to predict outlier blocks for 

GME in the next frame.  

4.1.2. Proposed Joint Approach to GME and Motion Segmentation 

The proposed joint global motion modelling and segmentation is shown in Fig. 

4.1, where GME and motion segmentation are tightly coupled. Motion segmentation 

helps remove MV outliers from the input MV field, leading to more accurate GME. Global 

motion is then used to perform GM compensation, which leads to more accurate motion 

segmentation on the GM-compensated MV field. 

Motion segmentation in this joint approach uses the MRF model and the 

Bayesian approach, which is similar to [6] [33] and [34] but differs in a number of ways. 

First, our main goal is GME, that is, the estimation of motion caused by camera 

movement. This motion is usually associated with the background, which is 

approximated as a flat surface far from the camera. Hence, for this purpose, an 8-

parameter perspective motion model [6], which we use here, is more appropriate than 

the 6-parameter affine model used in [33] and [34]. Also, while the methods in [33] and 

[34] operate on the raw video in the pixel domain, our method is developed for 

compressed video to operate directly on MVs from the compressed bit stream, resulting 

in much lower complexity. In addition, motion segmentation in our work is performed on 

the global motion-compensated MV field, that is, the field from which the estimated 

camera motion has been removed. By contrast, [33] and [34] perform motion 

segmentation directly on the observed optical field that includes camera motion bias, 

which is known to reduce segmentation accuracy. Finally, the main purpose of motion 

segmentation in our work is to remove the MVs that belong to individual moving objects 

(i.e. outliers) and thus improve the accuracy of GME, while motion estimation for 

individual objects is not explicitly considered. From this point of view, the approach 

presented here can be utilized to initialize methods like [33] or [34] (both require 
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initialization), which could then supply local motion estimation and segmentation 

refinement. 

Also notice important differences between our approach and the combined GME 

and object segmentation method from [8] as follows: 1) reference [8] uses a 6-parameter 

affine model for the global motion, while we use the more appropriate 8-parameter 

perspective model; 2) reference [8] uses GME and segmentation in cascade, while we 

use them iteratively; 3) the method in [8] operates in the pixel domain, while our method 

works in the compressed domain, i.e. directly on MVs; 4) reference [8] performs 

segmentation by differencing the transformed frame from the reference frame, while our 

method uses MRF-based motion segmentation. 

Overall, the proposed approach couples object segmentation and GME on the 

block-based MV field and introduces several contributions to GME research. First, 

motion segmentation offers a principled method to distinguish outlier MVs caused by 

moving objects or objects close to the camera, and leads to fast convergence of GM 

parameter estimates. Second, motion parameters are fed back to the segmentation 

process to compensate for global motion, thus mitigating segmentation problems found 

in scenes with a moving camera. Third, the approach is applicable to any video bit 

stream compressed by a block-based standards-compliant encoder (e.g. MPEG-2/4, 

H.263 and H.264), since the MV field is the only information required. The proposed 

method has a higher degree of flexibility and portability compared to some compressed-

domain approaches that rely on codec-specific information [16] [31], such as DCT 

(transform) coefficients and MB types. 

Not all outliers in the MV field can be identified by motion segmentation. As 

discussed in Chapter 2, there are two types of outliers present in the MV field: Type-1 

outliers, caused by imperfect motion estimation at the encoder, and Type-2 outliers, 

caused by moving objects or objects close to the camera. The former differs from the 

latter due to their noise-like characteristics. Therefore, we detect Type-1 outliers by 

examining their similarity to the neighbouring MVs, while Type-2 outliers are isolated 

using MRF-based segmentation. 
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The rest of this chapter is organized as follows. In Section 4.2, we describe MV 

outlier removal and model-fitting (i.e. regression) methods used in the proposed GME. 

Then, in Section 4.3 we present the Bayesian motion segmentation on a GM-

compensated MV field. Finally, in Section 4.4 we provide experimental results on motion 

segmentation and GME. 

4.2. MV-based Global Motion Modelling 

Reference [3] summarizes four popular 2D motion models for global motion 

(translational, geometric, affine and perspective). The 8-parameter perspective 

projection model is the most general of these and is adopted in our work for modelling 

global motion. This model accurately represents the 2D projection of the 3D rigid motion 

of a planar surface [6]. Therefore, we adopt this model to represents the motion of the 

background, which is often far from the camera and can be approximated by a planar 

surface. The perspective model is parameterized by an 8-dimensional vector   

         . Given       and         as the coordinates in the current and the reference 

frame, respectively, the perspective transformation is defined as in Equation 2.3. 

As in Chapter 2, let     and     denote, respectively, the horizontal (X-) and 

vertical (Y-) component of a motion vector             . Then     and     for 

the MV of the block centered at pixel       in the current frame, corresponding to the 

motion model   are given by Equation 2.7. 

The importance of both Type-1 and Type-2 outliers removal to accurate GME 

has been addressed through various objective and subjective evaluation in Chapter 2. 

Basically, in the literature there are three main approaches to outlier removal for GME: 

1) RANdom SAmple Consensus (RANSAC), 2) robust estimation using a regression 

method such as gradient descent [3] or least squares [11], and 3) explicit MV outliers 

filtering. As discussed in Chapter 2, we found that MV outlier filtering is the fastest of the 

three approaches. It tends to work very well on Type-1 outliers, since these "noisy" MVs 

tend to be different from their neighbouring MVs, but it may run into problems when 

faced with Type-2 outliers. RANSAC tends to work well on Type-2 outliers, but its 

performance is not as good on Type-1 outliers. Meanwhile, iterative robust estimators 
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tend to work well on both Type-1 outliers and Type-2 outliers, as long as their 

percentage in the MV field is not large. These findings were used as a basis for 

developing a joint outlier removal strategy, elaborated on in this chapter. 

4.2.1. Type-1 MV Outlier Removal 

MVs that come from a given motion model (i.e., a given vector of motion 

parameters  ) usually exhibit fairly strong spatial correlation [28]. Hence, in most cases, 

Type-1 MV outliers can be reliably detected by checking their similarity to their 

neighbouring MVs. In this work, we use the first filter from the filter cascade in Chapter 2, 

section 2.2.4  (and our earlier work [28]) to remove Type-1 outliers. This filter examines 

the magnitude and phase difference between an MV and its 8-adjacency neighbours and 

then removes a prescribed fraction of the worst-fitting MVs from the MV field as outliers. 

In our experiments, this fraction is set to be 0.15. 

4.2.2. Type-2 MV Outlier Removal 

Type-2 outliers tend to be similar to their neighbouring MVs that belong to the 

same object. Hence, outlier removal based on spatial dissimilarity does not work well on 

these MVs. In this section, we develop an iterative motion segmentation method to 

detect and remove Type-2 MV outliers, which is applied starting from the second P-

frame and onwards (in the first P-frame only Type-1 outliers are removed). In the first 

iteration, the moving region segmentation map is predicted from the segmentation result 

in the previous frame; in subsequent iterations the segmentation map of the current 

frame from the previous iteration is used. 

As before, let    be the vector of estimated GM parameters at a particular 

iteration in frame  , and          be the MV of the block centered at pixel       in frame 

 . Then the global motion can be compensated from          by: 

     
                            Equation 4.1 

where      
       is the compensated MV whose block is centered at pixel       in frame 

  and             is obtained as in Eq. 2.3 and 2.7. After GM compensation, we run 
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Bayesian motion segmentation on the compensated MVs as described in Section 4.3. 

The segmentation result indicates where the moving regions are in the current frame, so 

MVs in these regions are identified as Type-2 MV outliers and removed prior to GME in 

the next iteration. Moreover, once the segmentation in frame   converges, the location of 

the Type-2 outliers in frame     can be predicted from their MVs in frame  , as shown 

in Fig. 4.2. This is different from the approach in [8], where the prediction of outliers in 

the next frame does not take their motion into account. If          is declared a Type-2 

outlier, then the location              of the center of the corresponding block in frame 

    is predicted as: 

                             Equation 4.2 

The block centered at              might overlap several blocks in frame    , so 

we declare the block with the largest overlap as the predicted outlier block. In the first 

iteration of GME in frame    , all MVs associated with these predicted outlier blocks 

are removed prior to GME. After this initial GME and GM compensation, motion 

segmentation is used to detect Type-2 MV outliers more precisely in subsequent 

iterations. 

Frame : t Frame : t+1

Type-2 Outlier

Location

Prediction

MV(xt, yt, t)

 

Figure 4.2: Type-2 outlier location prediction. 



 

92 

4.2.3. Global Motion Parameter Estimation 

Once the outliers are removed, parameter vector    is estimated from the 

remaining MVs in frame  . The MV at location       in the frame corresponding to a 

given    is           , and can be computed according to Eq. 2.3 and 2.7. Meanwhile, 

the actual MV at that location is         . The goal of GME is to find    that minimizes 

the difference between            and         . Squared error is the typical error 

criterion used in GME, so the problem can be formulated as follows 

         
 

                      
 

 Equation 4.3 

where the sum goes over all locations       with inlier MVs (i.e. those MVs that have not 

been declared outliers). The process of finding    in Eq. 4.3 is referred to as model 

fitting, or regression. The two most popular regression methods for GME are gradient 

descent (GD) [3] and the least-squares (LS) approach [11] [29]. We used both methods 

in our experiments. 

The GD approach in [3] is based on the Newton-Raphson method. The gradient 

and the Hessian of the error in Eq. 4.3 are found by differentiating the error with respect 

to the components of   , after which an update to the current vector    is computed so 

that the error is reduced. The process is repeated until the error reduction becomes 

small enough. On the other hand, the LS approach involves formulating the problem in 

Eq. 4.3 as an over-determined linear system of the form          [29], where   is a 

     matrix containing motion information,   is a   -dimensional vector containing 

transformed coordinates from Eq. 4.1 and   is the total number of MVs. The problem is 

solved by computing a pseudo-inverse of    , usually via singular value decomposition 

[29]. The particular LS method in [11] involves iterative outlier rejection through a robust 

M-estimator and has been termed LSS-ME. 

These processes — Type-1 and Type-2 MV outlier removal, GME, GMC and 

motion segmentation — form one iteration of joint GME and segmentation (Fig. 4.1) and 

the procedure iterates until GME parameters converge. 
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4.3. Bayesian Motion Segmentation 

After compensating for the global motion in the MV field, we perform Bayesian 

motion segmentation, as shown in Fig. 4.3. The process involves two steps: 1) MV 

clustering, which generates a preliminary segmentation map, as well as Markov Random 

Field (MRF) priors (the number of MRF classes and their parameters), and 2) Bayesian 

MV segmentation, which finds foreground moving regions. 

Foreground

moving regions

MV clustering

Bayesian MV segmentation

Preliminary 

segmentation map
MRF priors

GM-compensated

MV field

 

Figure 4.3: Overview of Bayesian motion segmentation. 

4.3.1. Markov Random Field Motion Model and Parameter 
Estimation 

As in Section 3.4, motion vectors              within a given moving region 

   follow a conditional distribution          , while region labels ( 's) follow a 2D MRF 

distribution based on a given neighbourhood system. The goal is to infer region labels 

( 's) from the observed MV field. The details of the MRF motion model and MRF 

parameter estimation elaborated in Section 3.4.1. 

While MV clustering provides a fairly robust way to determine the number of 

moving regions and their approximate statistics, other parameters, such as the potential 

  in Equation 3.12, are more difficult to set. In [19], the authors have used expectation-

maximization (EM) to set the potential value. In this work, however, we felt that adding 

EM into the segmentation-GME loop would lead to a prohibitively large amount of 

computation. Hence, we used an empirically determined value       (please see 
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Section 3.4.5 for details). While this value is not necessarily optimal, it is sufficiently 

good to illustrate the advantages of the proposed method. 

Upon completion, we compare the X- and Y-components of the MV centroid of 

each region with thresholds computed from all MVs in the GM-compensated MV field, as 

explained below. If each component is lower than the corresponding threshold the region 

is considered a part of the background. Otherwise, the region is considered a part of a 

foreground moving object and declared a Type-2 outlier. 

The thresholds are computed as follows. Let    
      and    

      be the X- and 

Y-component of the  -th MV in the GM-compensated MV field, respectively. Thresholds 

    and     are computed as: 

       
 

 
      

      
 

 

 Equation 4.4 

       
 

 
      

      
 

 

 Equation 4.5 

where       in our experiments. 

4.4. Evaluation 

In this section, we present simulation results to evaluate the performance of the 

proposed joint GME and motion segmentation. We compare our method with other MV-

based GME approaches: robust iterative MV-based GME (GD [3] and LSS-ME [11]), 

GME with MV outlier rejection filter from [23], and GME using RANdom SAmple 

Consensus (RANSAC) [6] [22]. Evaluation is conducted on both synthetic MV fields and 

real video sequences. In the case of GD, 65% of the best-fitting MVs are used as inliers 

to update GM parameters at each iteration, as in [3]. In the case of LSS-ME [11], the 

weights of outliers are set to zero and parameter C is set to 2 in our experiments. 
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4.4.1. Evaluation on Synthetic MV fields 

The synthetic MV fields are synthesized by four sets of motion parameters from 

[3], shown in Table 4.1. After synthesis, the MVs are corrupted by independent zero-

mean Gaussian noise (i.e. Type-1 outliers) with standard deviation                    , 

in both X- and Y- components, and by groups of connected MVs pointing in a random 

direction (i.e. Type-2 outliers) simulating the foreground moving region. We evaluate the 

performance of the proposed algorithm in two scenarios: a single moving object and 

multiple moving objects. In the case of a single moving object (the square in Fig. 4.4(a)), 

MVs of all the blocks in this object are set to        . This makes the square move 

diagonally across the frame, as shown in Fig. 4.4(a). In the case of multiple moving 

objects, three objects are simulated — square, circle, and triangle — and are shown in 

Fig. 4.4(b). MVs of their blocks are set to        ,         and       , respectively. 

The sizes of these objects correspond to 6%, 10% and 18 % of the overall MV field size. 

Table 4.1: Global motion parameters used for testing 

Model Motion parameters 

GM 1  =[0.9, 0, 10.4238, 0, 0.95, 5.7927, 0, 0] 

GM 2  =[0.9964, 0.0249, 1.0981, 0.0856, 0.9457, 7.2, 0, 0] 

GM 3  =[0.9964, 0.0249, 6.0981, 0.0249, 0.9964, 2.5109, 2.7105, 1.9105] 

GM 4  =[1, 0, 4.4154, 0, 1, 0, 1.13105, 0] 
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( a )

( b )

MV1 = (-5, -5)

Object moving

trajectory

GM 1

MV1 = (-5, -5)

MV3 = (-6, 4)MV2 = (2, -7)

GM 1

 

Figure 4.4: (a): Scenario-4 with GM 1: synthetic MV field 

(16×16 MBs) corrupted by both Gaussian noise (     ) 
and a foreground moving region of size 6×6 MVs; (b): 
Scenario-5 with GM 1, synthetic MV field (8×8 MBs) with 
three foreground moving regions. 
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We consider five test scenarios shown in Table 4.2. Scenarios 1 through 4 are 

for a single moving object, with the object size ranging from 2% up to 20% and with 

different noise variances. Scenario 5 involves multiple moving objects, with the total size 

of the three moving objects summing up to 34% of the MV field. In these test scenarios, 

global motion is the dominant motion in the scene, i.e. the background occupies more 

than 50% of the overall MV field size. If the background were to occupy less than 50% of 

the MV field size our method (as well as most other GME methods) would have trouble 

estimating GM parameters, but in these cases it would be hard to justify calling 

background motion "global motion." 

Table 4.2: Test scenarios 

Test 

Scenarios 

MVF 

Block Size 

Gaussian Noise ( ) 

(Type-1 outliers) 

Moving region percentage 

(Type-2 outliers) 

Scenario 1 16×16 0.7 Square: 9×9 (20 %) 

Scenario 2 16×16 3.0 Square: 3×3 (  2 %) 

Scenario 3 16×16 1.5 Square: 6×6 (10 %) 

Scenario 4 16×16 2.2 Square: 6×6 (10 %) 

Scenario 5 8×8 2.2 
Circular (18 %), Square (11 %),  

Triangle (5 %) 

Figure 4.5 shows the outliers identified by the proposed method in scenarios 1, 2, 

4 and 5 (top to bottom) on GM 4 at the end of the 2nd, 4th and 6th iteration (left to right). 

Type-1 outliers are shown in blue, Type-2 outliers are shown in green, while those that 

are identified as both Type-1 and Type-2 are shown in black. LS regression is used for 

GME in each iteration. Results for scenario 3 follow a similar trend as in scenario 4. As 

can be seen in the figure, Type-1 outliers remain the same through the iterations since 

their detection is based on local similarity, while Type-2 outliers may change with each 

iteration. We can observe that the accuracy of Type-2 outlier detection improves as the 

number of iterations increases. This is mainly due to the improvement of the accuracy of 

the estimated GM parameters, which in turn benefits motion segmentation. 
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Figure 4.5 Identified MV outliers by proposed method. [Top 
to bottom]: scenario 1, 2, 4 and 5, [Left to right]: the 2

nd
, 4

th
, 

and 6
th

 iterations. Type-1 and Type-2 outliers in the first 
frame of the MV field synthesized by GM 4 for scenario 1, 2 
and 4. Type-1 outliers are shown in blue, Type-2 in green, 
while black blocks indicate MVs identified as both Type-1 
and Type-2 outliers. 
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Figure 4.6: MV outlier detection from synthetic MV field 
using GM-4 with the setting of scenario 1, (a) the synthetic 
MV field, (b) the proposed approach, (c) LSS-ME, (d) filter 
from [23], (e) RANSAC, and (f) GD. 
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Figure 4.6 shows the final MV outlier maps obtained from the MV field 

synthesized using GM 4 in scenario 1. The MV field itself is shown in Fig. 4.6(a). Other 

subfigures show the results of the proposed method (Fig. 4.6(b)), LSS-ME (Fig. 4.6(c)), 

the MV outlier removal filter from [23] (Fig. 4.6(d)), RANSAC (Fig. 4.6(e)) and GD (Fig. 

4.6(f)). All results are from the 20th iteration of the corresponding algorithm, except for 

RANSAC, which we let run for up to 500 iterations. We see that the proposed method 

generates a similar outlier map as LSS-ME; both of these methods, as well as GD and 

RANSAC, correctly identify outliers associated with the moving object, but only our 

method is able to distinguish Type-1 and Type-2 outliers. Meanwhile, the outlier removal 

filter from [23] generally removes too many MVs due to its hard-thresholding strategy. 

As a measure of GME accuracy, we use the signal-to-noise ratio (SNR) between 

the MV field generated by the GM parameters in Table 4.1 and the MV field generated 

by the estimated parameters, as in [3]. Figure 4.7 shows the average SNR verses the 

number of iterations for several GME methods on an MV field synthesized using GM 4 in 

scenario 1 (two subfigures on the top), scenario 3 (two subfigures in the middle) and 

scenario 5 (two subfigures at the bottom). The left subfigures correspond to the case 

where gradient descent is used for regression. The methods in this category are the 

proposed method incorporating segmentation (SEG_GD), iterative robust gradient 

descent estimator (GD from [3]), the MV outlier removal filter from [23] coupled with GD 

regression (FLT_GD) and RANSAC coupled with GD regression (RAN_GD) [6] [22]. The 

right subfigures correspond to least-squares regression and include the proposed 

method (SEG_LS), LSS-ME [11], the MV outlier removal filter from [23] coupled with LS 

regression (FLT_LS) and RANSAC coupled with LS regression (RAN_LS) [6] [22]. 
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Figure 4.7: SNR vs. the number of iterations with synthetic 
MV fields corrupted by both zero-mean Gaussian noise 
(Type-1 outliers) and moving regions (Type-2 outliers) in 
scenarios 3, 1, and 5 (top to bottom). [Left]: GD regression, 
[Right]: LS regression. 

Comparing left and right subfigures we see that LS regression provides more 

accurate GME than GD regression when the percentage of Type-2 outliers is relatively 
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low, while GD regression seems to perform better in the bottom two subfigures with 

outlier percentage of 34% (scenario 5 with three moving objects). To explain this 

observation, let   be the set of MVs upon which regression is performed and    be the 

set of background MVs. Ideally, regression should be performed on   , except that    is 

not known in advance. Finding    is the purpose of outlier removal. GD regression runs 

the risk of getting stuck in a local error minimum on  , while LS finds, in one step, the 

global error minimum on  . When the outlier percentage is small   does not contain too 

many outliers (i.e.   is close to   ) even in the early iterations of outlier rejection (i.e. 

segmentation), which favours LS. However, as the outlier percentage increases the local 

minima on   achieved by GD may prove to be closer to the global minimum on    

compared to the global minimum on   achieved by LS. We believe that this is the reason 

why GD outperforms LS in the bottom subfigures in Fig. 4.7. Note, however, that the 

SNR achieved by both methods in this case is much lower (10-25 dB) than what they 

were able to achieve under more favourable conditions in the top and middle subfigures. 

The outlier removal filter from [23] converges with the fewest iterations, but with 

the least accurate parameter estimates. Our outlier removal involving segmentation 

converges with the second lowest number of iterations and gives the most accurate 

estimates with both regression techniques. Additionally, our method produces a coarse 

segmentation map of moving regions in the scene, while other methods do not provide 

this feature. As in [28], we find that RANSAC needs the largest number of iterations for 

convergence and seems to work better in the presence of Type-2 outliers with low noise 

(the two subfigures in the middle of Fig. 4.7) than in the cases where the noise level is 

high (the four subfigures at the top and bottom of Fig. 4.7). The results with other GM 

models follow similar trends. 
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Figure 4.8: Converged SNR per frame on synthetic MV fields 
corrupted by both zero-mean Gaussian noise (Type-1 
outliers) and moving regions (Type-2 outliers) in scenarios 
3, 1, and 5 (top to bottom). [Left]: GD regression, [Right]: LS 
regression. 
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Table 4.3: SNR on synthetic MV field (dB), GME using gradient descent regression 

GM 

Model 

GME  

Algorithms 

Test Scenarios 

1 2 3 4 5 

GM 1 SEG_GD 32.55 20.18 26.80 23.09 20.59 

 GD 31.87 18.69 26.27 21.92 19.89 

 FLT_GD 12.93 7.64 14.45 11.29 8.56 

 RAN_GD 21.55 4.40 12.08 6.48 4.50 

GM 2 SEG_GD 35.71 23.47 30.73 25.89 22.65 

 GD 34.60 23.38 29.77 25.66 21.77 

 FLT_GD 16.77 12.03 21.39 16.65 12.32 

 RAN_GD 26.46 8.75 15.75 11.40 4.29 

GM 3 SEG_GD 34.50 21.10 27.84 23.94 20.86 

 GD 34.03 20.43 27.14 23.30 20.35 

 FLT_GD 17.98 9.76 17.46 12.68 8.77 

 RAN_GD 21.78 5.13 12.35 8.20 3.03 

GM 4 SEG_GD 37.05 24.16 30.80 27.12 20.28 

 GD 35.73 23.44 30.19 25.52 19.88 

 FLT_GD 21.98 13.17 21.83 17.01 10.54 

 RAN_GD 26.46 8.26 16.07 10.68 4.95 

Figure 4.8 shows the "converged" SNR per frame for the same GME methods as 

in Fig. 4.7. This "converged" SNR corresponds to 20 GME iterations for all methods 

except those involving RANSAC, which we let run for up to 500 iterations. From the 

figure, we can observe that with GD regression, the proposed SEG_GD and GD from [3] 

perform better than other methods with a reasonably large margin, while SEG_GD has a 

slightly higher SNR than GD. With LS regression, the proposed SEG_LS and LSS-ME 

from [11] achieve very close SNRs and both outperform other methods when there is a 

single moving object in the scene (top and middle subfigures). In these two cases, 

SEG_LS and LSS-ME provide virtually the same SNR. Note that both methods employ 

the same LS regression; hence, the only difference is possibly in the set of outliers 

rejected by the two methods. With a single object in the scene (top and middle 

subfigures in Fig. 4.8), the set of outliers appears to be very similar, if not the same, for 

both methods, so the SNR is virtually identical. However, when the number of objects 
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increases to three and the Type-2 outlier percentage increases to 34% (bottom subfigure 

in Fig. 4.8) SEG_LS clearly outperforms LSS-ME. 

 

Table 4.4: SNR on synthetic MV field (dB), GME using least squares regression 

GM 

Model 

GME  

Algorithms 

Test Scenarios 

1 2 3 4 5 

GM 1 SEG_LS 34.83 20.32 28.74 23.77 18.25 

 LSS-ME 34.83 20.31 28.72 23.55 17.46 

 FLT_LS 21.57 6.77 12.39 8.10 4.17 

 RAN_LS 24.65 9.28 16.54 12.61 6.64 

GM 2 SEG_LS 38.41 23.89 31.41 27.61 21.48 

 LSS-ME 38.40 23.88 31.39 27.41 20.61 

 FLT_LS 31.19 11.72 21.64 14.82 11.66 

 RAN_LS 28.13 12.51 20.35 16.58 10.30 

GM 3 SEG_LS 36.00 21.53 29.61 25.17 20.52 

 LSS-ME 36.00 21.51 29.60 24.81 19.74 

 FLT_LS 26.88 7.05 16.80 11.01 8.65 

 RAN_LS 26.15 10.76 17.67 13.71 8.38 

GM 4 SEG_LS 39.29 24.57 32.78 28.55 15.70 

 LSS-ME 39.29 24.58 32.70 28.13 15.07 

 FLT_LS 31.74 10.71 21.56 16.67 12.52 

 RAN_LS 29.68 13.17 21.77 16.28 7.12 

The converged SNR values averaged over all frames for all four GM models are 

listed in Tables 4.3 and 4.4, for GD and LS regression, respectively. In Table 4.3, we 

observe that the proposed scheme (SEG_GD) has the overall best performance. In 

Table 4.4, the proposed SEG_LS achieves a very similar average SNR as LSS-ME from 

[11] in test scenarios 13 and has a slight advantage (0.20.7 dB) in scenarios 4 and 5. 

Both SEG_LS and LSS-ME have a relatively large advantage over the other two 

methods. 

Instead of computing the SNR between the estimated motion field and the true 

field, as was done above and in [3], we could also compute the estimation error directly 
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on the eight motion parameters. In Fig. 4.9, we show the squared    norm of the 

parameter error, computed as: 

          
           

 
 

   
 Equation 4.6 

Figure 4.9 (the left sub-image) corresponds to an MV field synthesized by GM-1 

parameters and corrupted with 10% Type-2 outliers and noise with            . Figure 

4.9 (the right sub-image) corresponds to an MV field synthesized by GM-4 and corrupted 

by noise with       and a Type-2 outlier percentage between 5% and 25%. In both 

cases, we see that SEG_GD provides a better estimate of the true parameters than 

other methods, as expected based on the previously presented SNR results. 

 

Figure 4.9: Estimation error    on the 8 motion parameters. 
[Left]: GM-1 field corrupted by 10% Type-2 outliers and 

noise with            , [Right]: GM-4 field corrupted by 

noise with       and various Type-2 outlier percentages. 

4.4.2. Evaluation on Real Video Sequence 

In this section, we test the proposed method on real video sequences. Seven 

sequences are used in the experiments — Flower Garden, Stefan, Tempete, City, 

Coastguard, Waterfall, and Mobile Calendar — all CIF resolutions with a frame rate at 30 

frames per second. These sequences contain a significant amount of camera motion. 
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The evaluation methodology adopted in this work is to use GME to estimate the GM 

model parameters and then perform global motion compensation by warping the target 

frame onto the reference frame according to the model using bilinear interpolation [26]. If 

the sequence contains only camera motion, and if GME is accurate, we should expect 

the frames compensated by global motion to be very close to the original frames. The 

similarity can be measured using the conventional PSNR. The evaluations are 

conducted on two kinds of MV fields: one generated by exhaustive search motion 

estimation (88 blocks), and the other by Rate-Distortion Optimized (RDO) H.264 motion 

estimation using the NAL-SIM simulator [32] (IPPP GOP structure, at 512 kbps, with the 

smallest MV block size of 88). The MV field from H.264 RDO motion estimation is then 

normalized by block splitting to obtain a uniformly sampled MV field on 88 blocks. 

We first evaluate MV outlier removal on Flower Garden. This sequence includes 

the tree trunk as the foreground static object. The background here consists of objects 

far from the camera — houses, garden and the sky. The tree trunk is too close to the 

camera to fit into the 8-parameter motion model of the background. Hence, even though 

the tree trunk is not really moving relative to the background, it will have apparent motion 

that is distinct from the background. It will therefore represent a source of Type-2 

outliers, as discussed in the definition of Type-2 outliers in Section 2.2.2. In Fig. 4.10, we 

show the final MV outlier maps obtained from the MV field in Fig. 4.10(a), which 

corresponds to frame #3 of Flower Garden. The results correspond to several outlier 

detection methods: the proposed method shown in Fig. 4.10(b), LSS-ME in Fig. 4.10(c), 

the MV outlier removal filter [23] in Fig. 4.10(d), RANSAC in Fig. 4.10(e), and plain 

robust iterative GD in Fig. 4.10(f). We see that the proposed method finds Type-2 

outliers (interior of a moving object — tree trunk, shown in green) and Type-1 outliers 

("noisy" MVs near object boundaries, shown in blue), as well as those MVs which fit both 

Type-1 and Type-2 outlier definitions (shown in black). Meanwhile, LSS-ME only detects 

part of the moving object. The outlier map of filter [23] is only able to detect the Type-1 

outliers. RANSAC and iterative GD generate similar outlier maps and manage to detect 

the moving object similar to our method, but they typically require a larger number of 

iterations to achieve this (in these experiments 100–200 iterations were required). 

Furthermore, only our method is able to distinguish Type-1 and Type-2 outliers, which 

can be useful for subsequent video processing tasks (e.g. pixel-based segmentation). 
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( a ) ( b )

( c ) ( d )

( e ) ( f )
 

Figure 4.10: MV outlier detection from sequence Flower 
Garden, (a): original MV field from compressed video 
stream, (b): the proposed joint segmentation and GME 
approach, (c) LSS-ME, (d): MV outlier removal filter from 
[23], (e): RANSAC, and (f): plain iterative GME using 
gradient descent. 



 

109 

 

Figure 4.11: Bayesian segmentation of City (frame #3), 
Coastguard (frame #3), Stefan (frame #15), and Mobile 
Calendar (frame #10). 

In Fig. 4.11, we show several segmentation results obtained by the proposed 

joint segmentation-GME on City, Coastguard, Stefan and Mobile Calendar. All results 

correspond to the end of the third iteration of joint segmentation and GME. Among these 

sequences Coastguard, Stefan and Mobile Calendar include objects that are actually 

moving relative to the background, while City contains a static foreground object (the 

Empire State building) which is too close to the camera compared to other buildings in 

the scene and therefore does not fit the 8-parameter motion model of the background. 
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Finally, we evaluate the performance of the proposed method and other GME 

methods on whole sequences. Since the GM characteristics do not change much 

between consecutive frames, we use the estimated GM parameters from the previous 

frame to initialize GME in the current frame. For all methods, we use the same 

termination conditions as in [3], i.e. if        and      are the GM parameters estimated 

at       -th and  -th iteration, and               , then the process terminates if 

    and     (translational components) are less than 103, and other   's are less 

than 105. Further, to balance accuracy and computational complexity, we set the 

maximum number of iterations to be 3 for the proposed joint GME and segmentation, 3 

for the filter from [23], 6 for the iterative GD and LSS-ME and 500 for RANSAC. 
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Figure 4.12: Global motion compensation (GMC) 
performance evaluation using gradient descent regression: 
[Left]: MVs generated by exhaustive search, [Right]: MVs 
generated by RDO H.264 motion estimation. 
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Table 4.5: GME using GD regression GMC performance with ES ME, PSNR in dB 

Sequences SEG_GD FLT_GD GD RAN_GD 

Flower Garden 22.43 22.30 22.35 22.33 

Tempete 27.79 24.98 26.53 26.67 

Stephan 24.72 22.17 24.56 24.80 

City 29.41 29.07 28.82 29.16 

Coastguard 26.77 26.63 26.60 26.62 

Waterfall 34.98 24.36 34.73 34.75 

Mobile Calendar 24.54 22.69 24.07 24.13 

Average 27.24 24.59 26.80 26.92 

 

GMC PERFORMANCE WITH H.264 ME, PSNR IN dB 

Sequences SEG_GD FLT_GD GD RAN_GD 

Flower Garden 22.47 22.29 22.41 22.37 

Tempete 28.28 25.51 26.97 26.81 

Stephan 25.03 21.91 24.70 25.30 

City 28.77 28.72 28.68 29.01 

Coastguard 27.31 26.71 26.37 26.93 

Waterfall 35.48 24.55 34.87 35.27 

Mobile Calendar 24.74 22.73 24.27 24.35 

Average 27.45 24.63 26.90 27.15 

 

GME PROCESSING TIME IN MILLISECONDS 

Sequences SEG_GD FLT_GD GD RAN_GD 

Flower Garden 167.6 26.2 33.2 136.6 

Tempete 167.7 19.2 38.3 109.4 

Stefan 193.9 22.0 38.0 182.9 

City 180.9 24.5 42.6 125.0 

Coastguard 173.6 24.4 38.4 110.6 

Waterfall 149.0 26.8 46.4 93.3 

Mobile Calendar 179.2 22.5 46.9 116.2 

Average 173.1 23.7 40.5 124.9 
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Figure 4.13: Global motion compensation (GMC) 
performance evaluation using least-squares regression: 
[Left]: MVs generated by exhaustive search, [Right]: MVs 
generated by RDO H.264 ME 
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Table 4.6: GME using LS regression GMC performance with ES ME, PSNR in dB 

Sequences SEG_LS FLT_LS LSS-ME RAN_LS 

Flower Garden 22.16 21.91 22.46 21.92 

Tempete 27.90 24.71 27.66 27.83 

Stefan 24.63 21.92 24.60 24.73 

City 30.00 29.44 29.88 29.62 

Coastguard 27.08 26.76 26.82 26.95 

Waterfall 35.51 24.29 35.18 35.50 

Mobile Calendar 24.86 22.66 24.97 24.75 

Average 27.45 24.53 27.38 27.33 

GMC PERFORMANCE WITH H.264 ME, PSNR IN dB 

Sequences SEG_LS FLT_LS LSS-ME RAN_LS 

Flower Garden 21.99 21.98 22.58 22.06 

Tempete 28.46 24.90 27.53 27.67 

Stefan 24.75 22.30 24.65 25.07 

City 29.97 29.55 29.99 29.67 

Coastguard 27.40 26.64 26.83 27.09 

Waterfall 36.08 24.06 35.05 35.23 

Mobile Calendar 25.06 23.01 25.11 24.81 

Average 27.62 24.63 27.39 27.41 

 

GME PROCESSING TIME IN MILLISECONDS 

Sequences SEG_LS FLT_LS LSS-ME RAN_LS 

Flower Garden 259.3 94.8 298.6 123.7 

Tempete 272.4 33.9 442.0 94.8 

Stefan 236.2 55.5 479.3 137.5 

City 276.8 104.2 488.2 116.2 

Coastguard 276.3 115.0 478.5 102.6 

Waterfall 265.6 32.1 477.5 83.4 

Mobile Calendar 274.5 76.0 464.6 111.2 

Average 265.9 73.1 446.9 109.9 



 

115 

Again, we test both regression techniques — GD and LS — on MV fields 

generated by exhaustive search motion estimation (ES ME) and RDO H.264 motion 

estimation (H.264 ME). The results with GD regression are shown in Fig. 4.12 and Table 

4.5, while the results with LS regression are shown in Fig. 4.13 and Table 4.6. The 

tables also show the average processing time per frame, measured in MATLAB on a 

standard desktop PC with an Intel Pentium CPU at 3.0 GHz and 2 GB of RAM. This 

processing time includes all filtering and GME operations. Note that motion estimation 

time is not included in the processing time in our experiments, since in practise, MVs will 

be read directly from the compressed video bitstream. 

From Table 4.5, we can see SEG_GD has the overall best PSNR performance 

among the methods utilizing GD regression on both kinds of MV fields. By incorporating 

motion segmentation into GME, and using a maximum of 3 iterations, we can achieve a 

0.4dB PSNR gain (ES ME) and a 0.55dB PSNR gain (H.264 ME) over plain GD. By 

using the same GD regression technique motion segmentation can better identify MV 

outliers and lead to a more accurate GM estimation. 

With LS regression (Fig. 4.13 and Table 4.6), we again observe that our SEG_LS 

achieves the best PSNR performance among the four tested methods. Also, LS 

regression turns out to be slightly better than GD regression for GME with the 8-

parameter perspective model. LSS-ME achieves similar PSNR as the proposed 

SEG_LS, about 0.2dB lower with H.264 ME and within 0.1dB with ES ME, which 

reinforces the findings obtained on synthetic MV fields where the two methods also 

achieved very close SNR. 

Earlier results on synthetic MV fields indicate that MV noise spread throughout 

the MV field can be very detrimental to RANSAC because it makes it more difficult to 

find noise-free MVs. In real sequences, MV noise is usually found in the regions that lack 

texture or near the boundaries of moving objects. In the test sequences used in our 

experiments it appears that the number of such noisy MVs was relatively small and that 

outliers were mostly Type-2 outliers. In these sequences, large portions of the 

background contain sufficient texture to produce relatively accurate MVs, which gives 

RANSAC a good chance to select some of these MVs as inliers. Hence, RANSAC 

performed rather well in these tests with both GD and LS regression. 
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The price paid for improved accuracy of our methods is the processing time. With 

GD regression, our SEG_GD has the largest processing time per frame of 173 ms, 

which is not too high considering that the implementation is in MATLAB. With LS 

regression, our SEG_LS has the second largest processing time per frame, after LSS-

ME. The reason why our methods have relatively large processing time despite requiring 

relatively few iterations is the fact that each iteration of our GME loop involves 

segmentation, which is costly. However, we believe that improved accuracy and the fact 

that a fairly good segmentation map is produced along the way justifies the increased 

processing time. 

Furthermore, LS regression is more computationally demanding than GD 

regression in all cases, except when coupled with RANSAC outlier rejection. The 

complexity of LS regression is determined by the size of the MV field and the number of 

GM parameters. For example, for CIF resolution with 8×8 block size and 8-parameter 

perspective model, the   matrix has the dimensions 31688, so computing the least 

squares solution may take a relatively long time. However, when RANSAC is used, early 

iterations of RANSAC might not produce a consistent set of inliers, so GD regression 

may need a few iterations of its own (up to 5 in our experiments) to estimate global 

motion parameters, while LS regression always performs this estimation in one step. 

This is the reason why RAN_GD takes slightly more time than RAN_LS. 

Finally, we compare our proposed algorithm with MPEG-4 GME [4]. The MPEG-4 

GME is a 3-level hierarchical pixel-based approach, in which the outlier pixels are 

removed by thresholding the global motion compensation error. The qualitative 

advantage of our approach is that it distinguishes foreground objects through motion 

segmentation, whereas MPEG-4 GME does not. The results of quantitative comparison 

are presented in Table 4.7. We report the GMC PSNR gain of SEG_LS and SEG_GD, 

and the processing time difference on both the ES and H.264 MV field. As the results 

show, our methods are more accurate than MPEG-4 GME on some sequences, less 

accurate on others, and have a slight advantage in accuracy when considering the 

average GMC PSNR over all test sequences used in our work. But the main advantage 

of our methods is speed, which is two orders of magnitude higher than that of MPEG-4 

GME. It should be mentioned that our methods, as well as MPEG-4 GME, are 

implemented in MATLAB (and can all be further optimized), but the observed speed 
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advantage is indicative of the amount of data that the two types of methods have to deal 

with. MV-based methods usually need to process only two numbers (X- and Y-

component of the MV) per block, while pixel-based methods have to deal with all pixel 

values in the block. Indeed, the reduction of complexity has often been cited as the key 

advantage of compressed-domain approaches compared to the pixel-based ones. 

Table 4.7: Comparison with MPEG-4 GME GMC performance comparison, PSNR in dB 

Sequences 
MPEG-4 

GME 

Gain (ES ME) Gain (H.264 ME) 

SEG_GD SEG_LS SEG_GD SEG_LS 

Flower Garden 22.01 +0.42 +0.15 +0.46 0.02 

Tempete 28.45 0.66 0.55 0.17 +0.01 

Stefan 24.46 +0.26 +0.17 +0.57 +0.29 

City 26.57 +2.84 +3.43 +2.20 +3.40 

Coastguard 26.41 +0.36 +0.67 +0.90 +0.99 

Waterfall 36.92 1.94 1.41 1.44 0.84 

Mobile Calendar 25.11 0.57 0.25 0.37 0.05 

Average 27.13 +0.11 +0.32 +0.32 +0.49 

 

GME PROCESSING TIME IN MILLISECONDS 

Sequences MPEG-4 GME SEG_GD SEG_LS 

Flower Garden 55840 167.6 259.3 

Tempete 32692 167.7 272.4 

Stefan 30568 193.9 236.2 

City 32608 180.9 276.8 

Coastguard 35887 173.6 276.3 

Waterfall 32229 149.0 265.6 

Mobile Calendar 36182 179.2 274.5 

Average 36572 173.1 265.9 
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5. Frame Composition 

Frame composition fulfils the function of synthesizing a frame at a desired 

presentation time based on motion and object information that can be obtained using the 

methods from Chapters 2 - 4. In order to composite a frame, the major object features 

need to be obtained beforehand. These features include contour, texture, motion, depth 

order, and camera movements. In this work, we proposed and evaluated two object-

based  and one pixle-based frame synthesis methods: 1) Object-based synthesis using 

boundary match algorithm (BMA), 2) Object-based synthesis using ordinal depth, and 3) 

Pixel-based synthesis using the Linear Minimum Mean Square Error (LMMSE) criterion. 

5.1. Object-Based Synthesis Using Boundary Match 
Algorithm 

This approach was first proposed in our work [52] [93], and developed based on 

moving region segmentation.  The main idea is to conduct a motion prediction on 

segmented moving regions, and move all blocks of the last received frame onto the 

future frame along the predicted moving trajectory to form a future frame. 

5.1.1. Region-Based Motion Prediction 

Motion segmentation identifies different moving regions in the previous frame 

[93]. The critical step towards frame synthesis is to predict how these moving regions will 

move onto the next frame. Since each region is a collection of blocks (88 blocks in our 

case), we could, for example, predict the motion of each block separately. However, we 

found that better results are obtained by assigning the same MV (in particular, MV 

centroid of the region) to all blocks in a particular region. This is not surprising, because 

regions are segmented in the first place as the collections of blocks that move in a 

coherent fashion. Although this approach improves the consistency of the predicted 
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motion of moving regions, it still suffers from the problems inherited from the block 

translation motion model used in conventional video coding [89], [94]. A single MV 

assigned to an entire moving region is obviously not appropriate in cases that involve 

camera rotation and zooming, and neither is the underlying block translation model. 

Nevertheless, this approach has proved to be better than assigning a separate MV to 

each block on standard test sequences used in our experiments. We speculate that the 

main reason is the modelling and estimation inaccuracies present in the MVs in the 

compressed bitstream, which become more pronounced when prediction is performed. A 

single MV for an entire moving region at least keeps that region intact over the predicted 

moving trajectory. 

While providing a reasonably good prediction of the general direction of motion of 

a moving region, this approach may lead to blocking artifacts close to region boundaries. 

Therefore, we use a somewhat different strategy for the blocks close to region 

boundaries [95], [96], which we call variable-block-size motion prediction. Within each 

region, each block is classified as either an internal block or a boundary block in terms of 

its position and the energy of its prediction residual in Eq. 5.1, where        denotes the 

inter-frame prediction residual at position       within the 88 block and can be obtained 

through IDCT from bitstream. 

               
  

   

 

   
 Equation 5.1 

In this section, a block is classified as a boundary block if it has neighbours from 

more than one region, and its         . The threshold     was determined 

experimentally and corresponds to an average prediction residual energy of 4 per pixel. 

Otherwise, if         , the block is classified as an internal block, to which the region’s 

centroid MV is assigned as explained above. Fig. 5.1 (a) and (b) show a sample frame 

with block-based boundary after motion segmentation, and a frame after boundary 

blocks are identified. 
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( a ) ( b )

( c ) ( d )
 

Figure 5.1: (a) the block-based boundary after motion 
segmentation; (b) identified boundary blocks for variable-
block-size motion prediction; (c) MV prediction for 4×4 sub-

blocks when each 44 sub-block has 88 neighbours from 
only one region; (d) MV prediction for 4×4 sub-blocks when 

some 44 sub-blocks (shown in darker blue) have 88 
neighbours from different regions. 

Boundary blocks are split into smaller blocks (in our case, 88 blocks are split 

into four 44 blocks), and a MV is assigned to each of the smaller blocks as illustrated in 

Fig. 5.1 (c) and (d), based on the following criteria. 

If all 88 (internal) blocks neighbouring a given 4×4 sub-block come from the 

same region, then the centroid MV of that region is assigned to the 4×4 sub-block. This 

is illustrated in Fig. 5.1 (c). 

If a 4×4 sub-block has 88 neighbours that come from different regions, then the 

MV distance is first calculated between these regions’ centroid MVs and the MV of the 
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parent 8×8 block (before splitting). The closest centroid MV is assigned to the 4×4 sub-

block. This is illustrated in the right part of Fig. 5.1 (d), where sub-blocks with 88 

neighbours from a single region are shown in light gray, while sub-blocks with 88 

neighbours from different regions are shown in blue. Specifically, if the 44 sub-block is 

surrounded by regions labelled            , each having its centroid vector       
 , 

and           is the MV of its parent 88 block, then its MV, denoted      , is found as 

            
     

       
            Equation 5.2 

5.1.2. Preliminary Frame Synthesis 

Once the segmentation is complete and MVs are assigned to each block, we 

move all blocks of the last received frame onto the future frame along the predicted MVs. 

In this way, we synthesize a preliminary version of the future frame. At this point, some 

areas of the synthesized frame may have multiple blocks landing on them – we call 

these areas overlapped areas. Other areas may remain empty, if no block lands on them 

– we call these empty areas. We need to decide which pixel values will be written into 

overlapped and empty areas. These decisions are made in the two post-processing 

steps described below. 

5.1.3. Post Processing 

In order to balance computational complexity and visual quality, we combine 

spatial interpolation and boundary matching to process empty areas and overlapped 

areas. We further distinguish two types of (empty or overlapped) areas: “thin” areas are 

those whose width or height does not exceed   pixels, while “thick” areas are those 

whose both width and height exceed   pixels (    in our experiments). Simple spatial 

interpolation is applied to thin areas to save the computation and memory access, while 

boundary matching is applied to thick areas to achieve better visual quality. 

5.1.3.1. Overlapped Area  

For the “thin” overlapped area, we apply simple averaging of all candidate pixel 

values. Let there be   blocks overlapping a certain area and let     denote the  -th 
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block. The pixel value at location       in the overlapped area is assigned to be the 

average of corresponding pixel values in each of the overlapping blocks: 

       
 

 
          

 

   
 Equation 5.3 

Once all thin overlapped areas are processed, we are left with thick overlapped 

areas whose height and width exceed 3 pixels. One such area is shown in Fig. 5.2. 

 

Figure 5.2: Thick overlapped area. 

These areas will be filled by pixel values from the block that fits the best into the 

surrounding area. To decide which block fits the best, we employ boundary matching by 

computing the mean square difference between the boundary pixels of candidate blocks, 

and the boundary pixels of the surrounding area. 

Let          be the pixel at location       in the  -th overlapping block. Let   be 

the set of boundary pixels of the overlapped area, and for each        , let        be 

the value of the neighbouring pixel across the boundary, in the surrounding area. If a 

pixel has multiple neighbours across the boundary (e.g., corner pixel), we first check if 

there are any top/bottom neighbours, then left/right neighbours, then top-left/top-right, 

etc. The first neighbour found in this search is taken as       .  The best matching block 

Overlapped area

Surrounding area
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       is the one whose square difference from the surrounding area along the boundary 

is the smallest, as in Eq. 5.4. Pixels from this block are used to fill the thick overlapped 

area. 

                                 

       

 Equation 5.4 

5.1.3.2. Empty Area  

Thin empty areas are filled using simple linear spatial interpolation [97] in the 

direction in which the empty area is no more than 3 pixels wide. An illustration of a thin 

empty area whose height is 3 pixels is shown in Fig. 5.3. Let        be the pixel value 

we wish to determine in an empty area, and let           and           be two of its 

nearest neighbours in the appropriate direction in the surrounding area. In the situation 

depicted in Fig. 5.3,    and    are above and below  , so in this case        . The 

pixel in the empty area is linearly interpolated as: 

          
  
 
              

  
 
           Equation 5.5 

where    and    are the distances from   to    and   , respectively, and        . 

 

h1 

h2 
H 

P1(x1, y1) 

P2(x2, y2) P(x, y) 
 

Figure 5.3: Filling thin empty areas. 

Simple linear interpolation works reasonably well for thin empty areas, but tends 

to produce excessive blurring when applied to thick empty areas. Therefore, we adopt a 
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more sophisticated method for filling thick empty areas based on boundary matching 

[98], [99]. 

ER1

ER2

Search region

Previous frames

Current synthesized frame

Thick empty area

Boundary B1

 

Figure 5.4: Filling thick empty areas. 

An example of a thick empty area is shown in Fig. 5.4. First, we divide each thick 

empty area into rectangular regions, which we call empty rectangles (ERs), and label 

them ER1, ER2, …, ERN. We fill ERs in sequence, starting with ER1 and ending with ERN. 

For each ER we extract the boundary pixels from the surrounding area and use them for 

boundary matching in previous frames. Let Bn be the set of boundary pixel coordinates 

for ERn. Denote the current frame as  , and previous   frames as           . We will 

search in each of the previous   frames over an area of size     pixels for the best 

matching boundary (in our experiments,       ). This boundary is found in frame 

  , offset by         from its position in the current frame, where 

                
         

    
        
        

     Equation 5.6 
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 Equation 5.7 

Once Eq. 5.6 is solved and the best matching boundary is found, we copy the 

corresponding rectangle from    to fill ERn. At this point, ERn is removed from the list of 

empty rectangles, and we continue with ERn+1. The pixels of ERn may now become 

boundary pixels for the remaining empty rectangles. 

 

Figure 5.5: Illustration of empty area post-processing: 
intermediate frame after post-processing of overlapped 
areas (top left); after filling thin vertical empty areas (top 
right); after filling thin horizontal empty areas (bottom left); 
final frame after filling thick empty areas (bottom right). 
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The filling is performed in raster scan order. An example of empty area filling is 

shown in Fig. 5.5. The figure shows a frame passing through the steps of empty area 

post-processing. The top left image shows an intermediate frame after overlapped area 

processing. Thin vertical empty areas are filled first (top right), followed by thin horizontal 

empty areas (bottom left). The final predicted frame, obtained after filling thick empty 

areas, is shown in the bottom right of Fig. 5.5. 

5.2. Object-Based Synthesis using ordinal depth  

The frame synthesis method in the previous section does not explicitly consider 

occlusions. In this section, we present another block-based method based on the 

observation that when two regions move towards the same location, the region closer to 

the view point will occlude the region further away from the view point. This method is 

present in our previous work [92].The background region(s) are considered to have the 

largest distance to the view point. Fig. 5.6 shows how to multiplex foreground objects 

with background objects together and obtain a new frame. 

R4R1 R2 R3
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Figure 5.6: Content-based frame composition 

In the example in Fig. 5.6, there are three foreground regions           , and 

one background region (  ) in frame  . Each foreground region is associated with a MV, 
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and located at a layer which has a depth value   . Global motion is estimated for 

background region (  ). Frame prediction using ordinal depth is illustrated in Fig. 5.6. Let 

   and     be, respectively, the distance of region    from the camera plane and its 

predicted motion vector. Then the future frame     is synthesized by moving    along 

   , and placing the pixels of    in front of    if      . Assuming    is the closest 

region to the camera, and    is the furthest (           ), predicted frame at 

    will be as shown in Fig. 6(b). 

If two regions (   and   ) move towards the same location, they may overlap in a 

certain area of the frame. This area can be determined as 

       
        

      Equation 5.8 

where   
       represents the translation of region    from the image plane at time   

onto the image plane at time     along its motion vector. The preliminary frame      is 

synthesized as 

           
        

        
                   Equation 5.9 

where     represents the predicted perspective global motion model, and the operation 

  represents the aggregation of pixels from different regions, defined as follows 

            

                             
                             

                                  

  Equation 5.10 

where                       . Region depths    and    determine which region gets 

occluded during frame synthesis. In the example in Fig. 5.6, region    will be “in front of” 

the other three regions (        ), while the background region    will be “behind” other 

regions (        ). 
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In Chapters 2–4, we have proposed methods to obtain preliminary object 

features — such as classification of foreground and background, contour, global motion, 

and texture — from compressed video. In this section, we outline the major functional 

blocks on how to establish the spatial relationship between objects, predict moving 

trajectories and composite a frame under various circumstances. 

5.2.1. Ordinal Depth Estimation 

Depth estimation is conceptually used to find the spatial information of the 

objects or regions in a video sequence [83-85]. In this work, region depth order 

describes the relative distance of the moving regions from the camera and is used to 

arbitrate the overlapped areas in the synthesized frame when multiple regions move 

onto the same location, as in Eq. 5.9 and 5.10. The process is much harder when the 

depth information needs to be estimated from a 2D video than a multi-view video 

sequence, since most of the depth information is lost when a 3D real life scene is 

projected onto a 2D image plane by a video acquisition system. Here we use a simple 

and reasonably effective method whose basic premise is that the more similar the 

region's motion is to the camera motion, the further the region is from the camera. 

First we classify moving regions into two types: background regions, whose 

motion is similar to camera motion, and foreground regions, whose motion is distinct 

from camera motion. A relatively simple approach for classification is to measure the 

discontinuity of the motion field across a region's boundaries. The idea was first studied 

in [86], where the authors observed that the discontinuity of the motion field when 

crossing from a foreground region to a background region is usually stronger than when 

crossing from one background region to another. 

The classification starts with the calculation of the boundary discontinuity value 

    for each region. The initial input into the classification consists of coarsely 

segmented regions. Let            be the   blocks along the outer boundary of a 

region. The boundary discontinuity value     is calculated as: 
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 Equation 5.11 

where                     is one of four directional gradient components shown 

in Fig. 5.7, and       denotes the MV of the  -th neighbouring block. 

Similarly to [86], the classification is carried out as follows: 

Step  1. Calculate     for each region, as explained above; 

Step  2. Sort all regions according to their    ; 

Step  3. Classify the region with the largest     as a foreground region, and 

accumulate overall foreground region size; 

Step  4. Repeat Step 3) until the accumulated foreground region size reaches 

     of the total frame size, where          in this work; 

Step  5. Flag the remaining regions as background regions. 
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Figure 5.7: [Left]: 3×3 neighbourhood of a boundary block, 
[Right]: four directional gradient components. 
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Camera motion vector        is predicted as the average of predicted MVs of 

all background regions. After this, we estimate the relative distance    of region   from 

the camera as the inverse of the magnitude of the difference of its predicted motion from 

the predicted camera motion 

                
   Equation 5.12 

If the motion vector difference is zero, the particular region is considered to be 

very far from the camera — “at infinity.” This simple estimate of the relative distance of a 

region from the camera will not be correct in some cases, but it has proven to be 

reasonably good in our experiments. After estimating all the    values, a future frame is 

formed by moving the regions along the predicted motion vectors, as in Eq. 5.9, with an 

additional rule that foreground regions always locate “in front of” background regions 

regardless of their   . 

5.2.2. Region Motion Prediction 

Predicting how one region moves from the current frame to the next frame is a 

crucial step for final frame composition. Since regions are segmented in the first place as 

the collections of blocks that move in a coherent fashion, we predict motion on a region 

basis and assign the same motion vector to all pixels in a particular region. In this way, 

we can suppress, to some extent, the noise present in encoded MVs and keep the 

region intact over the predicted moving trajectory. 

State-of-the-art motion prediction methods include linear prediction [87-88], least-

squares prediction [89], statistical prediction [90] and Kalman filtering [91]. In this thesis, 

we predict the region motion from its causal past using the first order least-squares 

prediction method [89]. Let       
      denote the centroid MV of region    in frame  . 

Through region tracking, we can collect MV centroids of region    for the past   frames. 

The first order least-squares predictor for the motion of region    up to the frame     

is: 
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                Equation 5.13 

where the closed-form solution for    and    is 

                   Equation 5.14 

where   is a     matrix containing the last   MV centroids of    as rows, and   is a 

    matrix given by 

   
   
   

  
  

 
 

 Equation 5.15 

We used     in our experiments. 

The accuracy of least squares motion prediction is analyzed in our earlier work 

[92]. Figure 5.8 illustrates the prediction error introduced for region   . Here,       

denotes the "true" centroid MV of region    obtained from encoded MVs, and        

denotes the predicted MV obtained from Eq. 5.13. 
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Figure 5.8: Region motion prediction error 
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Figure 5.9 shows segmented foreground object “tree trunk” in Flower Garden, the 

magnitude of the true centroid of  MVs for the tree, along with the magnitudes of    s 

for 1, 2, and 3 frames ahead, for the first 50 frames of the sequence. Tracking allows us 

to collect the “true” MVs of this region. We also predict the motion of this region for 1, 2 

and 3 frames ahead. The comparison of the magnitude of the true centroid of  MVs and 

   s is shown in the middle part of Fig. 5.9, while the prediction error magnitude is 

shown in the bottom part of Fig. 5.9. Note that, as the frame index increases, the tree 

moves to the left part of the frame and further away from the camera, so the intensity of 

its motion decreases from about 6 pixels per frame down to about 4 pixels per frame. 

Predicted MVs follow this behaviour. The prediction error magnitude is less than 1 pixel 

when predicting the motion for one frame ahead, increases up to about 1.5 pixels for two 

frames ahead and then up to about 2 pixels for three frames ahead. 

5.2.3. Frame Synthesis and Post Processing 

A preliminary version of the future frame is synthesized by moving all regions 

onto the future frame along the predicted MVs in the order of their depth values Eq. 5.9 

and 5.10. At this point, some areas of the synthesized frame may remain empty if no 

region lands on them. As in Section 5.1.3.2, for empty areas whose width or height does 

not exceed 3 pixels, we apply simple linear spatial interpolation along the direction 

where the thickness of the area is smallest. Empty areas whose both width and height 

exceed 3 pixels are filled via boundary matching. Two frames are used as reference 

frames for boundary matching: one previously reconstructed frame and one “background 

frame,” which is generated by gradually replacing the foreground regions with the newly 

appearing background regions based on region classification [93].  
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Frame: # 2 Frame: # 4 Frame: # 6

 

Figure 5.9: Motion of the tree in Flower Garden. [Top]: 
segmented object, [Middle]: magnitude of the true and 
predicted motion, [Bottom]: prediction error magnitude 
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5.3. Pixel-Based Synthesis Using LMMSE Criterion 

This approach sets apart from the previous two object-based frame synthesis 

approaches by fusing temporally and spatially synthesized frames on a pixel basis. 

Spatial synthesis plays an important role especially when the resolution of the target 

frame is different from the original frame resolution. The fusion weights are derived by 

assessing the accuracy of each synthesis method on a block-by-block basis and then 

combining them in a Linear Minimum Mean Squared Error (LMMSE) fashion. The inputs 

to the synthesis are from three sources: 1) a frame temporally synthesized using local 

motion (LM), i.e. MVs, 2) a frame temporally synthesized using global motion (GM), and 

3) a spatially synthesized frame. The details of frame interpolation in various application 

scenarios are given in Chapter 6. The main idea is to determine a set of weights 

             for each pixel in the target frame. The weights reflect the accuracy of each 

synthesis method in a particular block; the method with the highest accuracy will end up 

with the highest weight in that block. The final target frame is obtained as a linear 

combination of the three preliminary target frames on a block-by-block basis. This 

approach has been presented in our previous work [100] [101]. 

The weights on temporal and spatial synthesis should reflect the level of quality 

impact on the target frame. In this section, we present the Linear Minimum Mean Square 

Error (LMMSE) combination of temporal and spatial interpolation. Let     ,     , and     be 

column vectors containing the pixels from a particular block of the preliminary target 

frames generated using LM, GM and spatial synthesis, respectively, and let          be 

the column vector containing the pixels of that same block in the final target frame. Then 

we have: 

                               Equation 5.16 

where the weights satisfy                and             . Let   be the 

column vector containing the pixels of the same block from the "correct" (ideal) target 

frame and let            denote the column vectors containing prediction errors 

generated using LM, GM and spatial synthesis, respectively, so that: 



 

135 

           Equation 5.17 

           Equation 5.18 

         Equation 5.19 

We want to determine the weights              that will minimize the Mean 

Squared Error (MSE) between the correct target frame   and the synthesized target 

frame         : 

              
 
                                         

 

                            
Equation 5.20 

Assuming that interpolation errors            are zero-mean and uncorrelated, 

Eq. 5.20 can be simplified to: 

              
 
             

    
      

         
      

        
     

     
Equation 5.21 

To minimize equation 5.21 under the constraint             , we form the 

Lagrangian: 

     
      

         
      

        
     

    

                 Equation 5.22 

and then set the partial derivatives with respect to           , to zero. This leads to: 
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     Equation 5.23 

Combining equation 5.23 with the condition that             , we finally find the 

LMMSE weights as: 

    
     

         
    

 
 

    
    

         
     

 
 

    
     

          
     

 
 

Equation 5.24 

where   is given by: 

       
         

    

     
         

     

       
          

      
Equation 5.25 

Note that the LMMSE weights depend on the interpolation errors              

between the correct and synthesized blocks in the target frame. Since the correct blocks 

are not known (otherwise, if the frame compositor knew what the correct frame looks 

like, there would be no need to synthesize it), these error vectors need to be estimated 

for each block. We explain how this can be in done in two applications, super-resolution 

and predictive decoding, in Chapter 6. 
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6. Applications 

Making use of motion modelling and object segmentation in a conventional video 

decoding system, we are able to retrieve object information from a compressed video 

stream and simultaneously observe its movement. The ultimate goal in this work is to 

composite a frame with a desired temporal and spatial scale based on collected object 

information. From an application point of view, the combined motion modelling and 

object segmentation can be broadly applied in three types of scenarios with a standard 

video decoding system. 

Approach 1). Predicting a future frame using causal processing. For example, a future 

frame can be composited ahead of time in video communications, so that network 

jitter can be mitigated, or a missing frame can be concealed. 

Approach 2). Interpolating a frame using noncausal processing. For example, the 

frame rate of the original sequence can be up-converted for a variety of video 

applications. 

Approach 3). Resizing a frame up or down using available video data. For example, a 

super-resolution (SR) frame can be generated for rendering video to a large screen. 

6.1. Frame Prediction 

The basic idea behind frame prediction in video communications is illustrated in 

Fig. 6.1. Using the received video data, future frames are predicted and displayed before 

they arrive at the decoder. We refer to this process as “predictive decoding,” since the 

input is compressed video and the output is a video frame that hasn’t yet arrived at the 

decoder. This technique can be useful in many video applications, such as delay 

reduction in video communications [52], playout control in video streaming [107] and the 

concealment of whole-frame losses [88] [102] [108].  
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Figure 6.1: Perceived delay reduction by predictive 
decoding. 

Conventional frame prediction approaches, such as motion extrapolation [88] 

[102], heavily rely on the motion vectors (MVs) extracted from the compressed video 

stream. However, MVs encoded into the bitstream are usually estimated at the encoder 

with the aim of improving compression efficiency by minimizing the energy of the 

prediction residual and do not always represent true motion [5]. These modeling and 

estimation inaccuracies become more pronounced when prediction is performed and 

cause annoying artefacts in predicted frames, such as background shaking and spatial 

discontinuities. As will be discussed in this section, we propose three predictive 

decoding approaches to address these issues. These approaches take different 

combinations of motion prediction, object segmentation and frame composition, as 

presented in Chapters 2–5. 

1) Predictive decoding using moving region segmentation 

2) Predictive decoding using ordinal depth of moving regions 

3) Predictive decoding using GME and motion reliability 

6.1.1. Background on Predictive Decoding 

Though video delay reduction through predictive decoding does not seem to 

have been explored much in the literature thus far, except for our work [52], [92], [93], 

Received frames Future frames

Frame to be displayed
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[100], several algorithms have been proposed for whole-frame concealment [87], [102 – 

106], and these algorithms can also be used to perform frame prediction at the decoder 

for the purpose of reducing the end-to-end delay. This observation motivates us to 

compare our work against the previously proposed methods for whole-frame 

concealment, which can be broadly divided into two categories: pixel-based and block-

based. Below we review a representative method from each category. 

6.1.1.1. Pixel-based Whole Frame Concealment  

Based on the optical flow theory, a whole-frame concealment algorithm is 

proposed for video streaming applications in [87] [102 – 106]. Assume the frame at time 

  is lost. Operating in the pixel domain, a constant velocity motion model is adopted to 

project the last correctly received frame onto the missing frame by the following steps. 

1) Constructing a forward motion vector (FMV) for each pixel in the last received frame 

(i.e. frame    ) from the backward MVs and coding modes of frames from     to 

      using the constant velocity model; 

2) Spatially regularizing and smoothing the FMV field of frame     using the vector 

median filter; 

3) Reconstructing the missing frame by projecting pixels from frame     into the 

missing frame   in half-pixel resolution, so that each pixel of frame     contributes a 

22 pattern, and then averaging pixels if more than one of them has landed on the 

same position (overlapped areas); 

4) Scanning the remaining missing pixels in frame   and estimating these missing pixels 

using the median of the neighbouring available pixels (empty areas); 

5) Filtering and downsampling the reconstructed frame by a factor of two in both the 

horizontal and vertical directions in order to convert it from half-pixel to full-pixel 

representation. 

One drawback of a pixel-based, whole-frame concealment is its computational 

complexity. According to [103], predicting one CIF frame using this algorithm might take 

3–6 seconds on a conventional desktop machine. Applying a computationally-intensive 
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algorithm to reduce the end-to-end delay is likely to be counter-productive, especially in 

cases where more than one frame needs to be predicted, because it would place 

additional burden on the decoder during the real-time operation. Furthermore, averaging 

pixels in overlapped areas and median filtering of pixels in empty areas may be able to 

mitigate to some extent the problems of empty and overlapped areas, but may also lead 

to objectionable artefacts in the parts of the frame with complex motion or texture. 

6.1.1.2. Block-based Whole Frame Concealment  

Block-based frame concealment was proposed by Baccichet et al. [103 – 104] 

based on the same optical flow concepts, but requiring lower complexity. This algorithm 

consists of the following steps:  

1) Determining the reference frame with a significant number of inter coded blocks 

(usually frame    ), and constructing a FMV for each pixel in frame    ; 

2) Predicting pixel-wise FMV from frame     into pixels in the missing frame  ; 

3) Computing the statistics (mean and variance) of FMVs for each 16×16 and 4×4 block 

in frame  ; 

4) If multiple MVs from frame     land on the same 16×16 block, then the variance 

and number of these MVs are compared to the thresholds. If the variance of these 

MVs is sufficiently low, and their number is sufficiently high, the mean MV is 

assigned to this block. Similar processing is applied to 4×4 blocks; 

5) Reconstructing the final frame using motion compensation and loop filtering as in 

H.264/AVC. 

Compared to a pixel-based approach, a block-based approach has a significantly 

lower computational complexity because MV processing is block-based rather than 

pixel-based. However, by averaging neighbouring MVs, MV recovery in a block-based 

approach may disrupt the spatio-temporal relationships among the MVs of neighbouring 

blocks and thus may lead to blocking artefacts. Moreover, the algorithm requires extra 

effort on the encoder side to produce better MVs and one additional step to estimate 

MVs for intra-coded blocks at the decoder [105].  
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6.1.2. Predictive Decoding Using Moving Region Segmentation 

In [93], we proposed a predictive decoding algorithm using moving region 

segmentation, as illustrated in Fig. 6.2. It consists of three steps: 

Moving Region
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frames
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Frame
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Figure 6.2: Functional block diagram of region-based 
predictive decoding. 

Step  1. MVs and prediction residuals from the compressed bitstream are used to 

segment moving regions in frame    . The detail of motion segmentation was 

elaborated on in Chapter 3, Section 3.1.  

Step  2. A region-based MV prediction estimates the motion trajectory of the 

moving regions in frame     towards frame  , as presented in Chapter 5, Section 

5.1.1. Predicting motion trajectories is a crucial component of frame prediction. By 

employing region-based MV prediction in the predictive decoding system, we are 

able to reduce the effects of MV noise and unnatural motion artefacts in the 

predicted frame, such as image background shaking and spatial discontinuities. 

Motion trajectory prediction based on moving regions offers a way to enforce motion 

field homogeneity within regions and may, to some extent, reduce MV estimation 

noise. 
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Step  3. A preliminary version of the future frame is synthesized by moving blocks 

from frame     to frame   along the predicted MVs. The post processing unit 

mitigates the spatial discontinuities (empty and overlapped areas) of the preliminary 

future frame. In particular, linear interpolation and motion re-estimation via boundary 

matching are employed to process empty areas, while pixel averaging and boundary-

based block selection are combined to process overlapped areas, as elaborated on 

in Chapter 5, Section 5.1.  

We have implemented this approach in the XviD MPEG-4 decoder and tested its 

performance on a number of sequences with varying levels of motion complexity. Six 

sequences — Carphone, Flower Garden, Foreman, Singer, Mother & Daughter, and 

Miss America — are used for performance demonstration, each at three different frame 

rates: 30, 15 and, 7.5 frames per second (fps). Each sequence was encoded using the 

IPPP GOP structure. Unless otherwise stated, QCIF sequences were encoded at 128 

kbps and CIF/SIF sequences at 512 kbps. On the decoder side we tested prediction of 

up to 3 frames ahead using the three prediction methods below. 

Three methods are included in algorithm evaluation: 

 Method-1 (“frame copy”) is the simplest prediction method, where the last 

received frame is taken directly as the predicted frame for playout. This 

method is used as the basis (anchor) against which other methods are 

judged, as in [88].  

 Method-2 is our implementation of the block-based whole frame concealment 

approach [88] in the XviD MPEG-4 decoder.  

 Method-3 is the proposed region-based predictive decoding. 

6.1.2.1. Performance Evaluation on Prediction Depth 

Figure 6.3 shows how video quality measured by PSNR in dB depends on how 

far ahead we predict. Each PSNR plot shows the PSNR averaged over the entire 

sequence when predicting 1, 2 or 3 frames ahead. All these results correspond to 30 fps 

sequences. From the PSNR plots we can observe the following. First, as expected, 

PSNR decreases as prediction goes further. The quality degradation depends on the 

motion activity level and texture pattern in the sequence. Flower Garden has a high 
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degree of motion and the most complicated texture pattern among our test sequences. 

When predicting one frame ahead the PSNR drops by about 3dB for Method-2 and 

Method-3, and more than 10dB for Method-1. On sequences with relatively high motion 

complexity, like Flower Garden, Singer, Carphone and Foreman, our Method-3 

outperforms Method-2 by 0.5 – 2.5dB, while both these methods outperform Method-1 

by about 1 – 7dB, depending on the sequence. For sequences with relatively low motion, 

like Miss America and Mother & Daughter, sophisticated frame prediction employed in 

Method-2 and Method-3 does not provide as much improvement as for high-motion 

sequences and simple methods like Method-1 do reasonably well, so the difference 

between the three methods is rather small. 

Figure 6.4 gives a visual quality comparison between Method-2 and Method-3 

when predicting up to three frames ahead using the Flower Garden sequence. Three 

frames (#11 – #13) are predicted by Method-2 and Method-3 using the frames up to 

frame #10. We can observe that the predicted frame quality deteriorates as the 

prediction depth increases for both methods. However, frames produced by Method-3 

are visibly better than those produced by Method-2. This is due to a significantly 

reduced level of blocking artefacts, especially in the moving region (tree trunk in this 

case) where all blocks have consistent motion, which is exploited in our Method-3. 
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Figure 6.3: Prediction performance in PSNR (dB). 
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Figure 6.4: Visual comparison for frame prediction 
assessment.  [Left]: predicted frames (Method-2), PSNR 
(22.33dB, 16.95dB, 15.63dB), [Right]: predicted frames 
(Method-3), PSNR (22.47dB, 18.70dB, 16.78dB). 

6.1.2.2. Performance Evaluation on Frame Rate and Bitrate 

Figures 6.5 and 6.6 show the prediction performance of Method-3 at different 

frame rates and bitrates for the two sequences Foreman (QCIF) and Flower Garden 

(SIF). Other sequences follow similar trends. Frame rates in these experiments are set 

to 30fps, 15fps and 7.5fps, and bitrates are set to 128kbps, 256kbps and 512kbps for 
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QCIF resolution, with 512kbps, 1.024mbps, and 2.048mbps for SIF resolution. Prediction 

depth goes up to 3 frames ahead in both test scenarios. 

 

Figure 6.5: Prediction performance at different frame rates. 

 

Figure 6.6: Prediction performance at different bitrates. 

From Fig. 6.5 we can observe that the prediction is better at higher frame rates, 

which is consistent with our expectations, since the temporal spacing between the 

frames is smaller. It is interesting to observe that the PSNR of predicted frames is 

approximately determined by the total amount of delay reduction or, in other words, by 
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the prediction depth measured in seconds rather than frames. For example, predicting 

one frame ahead with 15fps Foreman gives us similar PSNR as when predicting two 

frames ahead with 30fps on Foreman. From Fig. 6.6 we observe that a higher bitrate 

brings a 1–1.5dB higher PSNR when predicting one frame ahead. However, as 

prediction goes further the PSNR difference between different bitrates reduces. This is 

caused by the fact that prediction error increases with prediction depth and dominates 

the over quantization error controlled by the bitrate. 

6.1.3. Predictive Decoding Based on Ordinal Depth of Moving 
Regions 

The problem with the prediction method presented in the Section 6.2 is that it 

does not consider occlusion. Near object boundaries, especially when predicting several 

frames ahead, one can notice background sometimes occluding the foreground regions. 

An example is the bottom right frame in Figure 6.4, where the blue color of the sky starts 

overtaking the tree trunk near the left boundary of the tree. The method discussed in this 

section performs predictive decoding based on ordinal depth of moving regions, thereby 

trying to alleviate occlusion problems. This method has been presented in [92].  

First, motion information (i.e. MVs) is extracted from the compressed video 

stream and region segmentation is performed to obtain coherently moving regions in the 

scene. Moving region segmentation is carried out using our previously developed 

coarse-to-fine segmentation algorithm from [27], which is also discussed in Section 3.3. 

We first use MVs from the compressed bitstream to coarsely segment moving regions by 

a combination of iterative k-means clustering and a motion consistency model. This step 

operates fully in the compressed domain. After that, the current frame is decoded and 

the boundaries of moving regions are refined using the colour and edge information from 

the decoded frame, as discussed in Section 3.4.4.  

Second, the ordinal depth of each region (i.e. how far it is from the camera) is 

estimated using the procedure described in Section 5.2.1. Finally, a least-squares 

motion predictor is applied to each region (Section 5.2.2) and the future frame is 

synthesized by moving the regions along the predicted trajectories sequentially 

according to their ordinal depth. This way, the moving regions are kept intact and they 
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are placed onto the future frame in the correct order. For the details of these two steps 

please refer to Chapter 5, Section 5.2. 

6.1.3.1. Objective and subjective quality evaluation  

We integrated the proposed predictive decoding method into the popular Xvid 

MPEG-4 video decoder (www.xvid.org), and tested it on several test sequences with 

varying motion content, resolution, and bitrate. The experimental conditions are 

summarized in Table 6.1. We tested prediction of up to 3 frames ahead using the 

following three prediction methods:  

 Method-1: “frame copy” as the anchor method, 

 Method-2: the block-based predictive decoding based on whole frame 

concealment approach proposed in [88].  

 Method-3 is our proposed method.  

Both Method-1 and Method-2 are the same ones used in previous section, and 

we adopt them here for a consistent performance evaluation. 

Table 6.1: Experimental setup for predictive decoding evaluation 

Codec Xvid MPEG-4  

Development env. C/C++ in Microsoft Visual Studio 2005 

Prediction depth Up to 3 frames ahead of time 

Encoded frame rate 30 frames per second (fps) 

Coding pattern IPPP… 

Video resolution CIF (352288), SIF (352240), QCIF (176144) 

Test sequences 
Mother & Daughter, Flower Garden, Foreman, Table Tennis, 
Tempete, Hall Monitor, Coastguard, Football 

Encoded bitrate 512 kbps (SIF and CIF), 256 kbps (QCIF) 

CPU Intel Pentium D - 3.0 GHz 

RAM 2 GB 
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Figure 6.7: The PSNR vs. prediction depth. 
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Figure 6.8: [Top to Bottom]: Predicted frames #7 to #9 for 
sequence Flower Garden (using video data up to frame #6). 
[Left]: Method-2, PSNR (22.93dB, 19.41dB, 17.79dB), [Right]: 
Method-3, PSNR (23.98dB, 21.11dB, 19.27dB). 
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Figure 6.9: [Top to Bottom]: Predicted frames #41 to #43 for 
sequence Football (using video data up to frame # 40). 
[Left]: Method-2, PSNR (25.87dB, 23.38dB, 20.71dB), [Right]: 
Method-3, PSNR (26.84dB, 23.99dB, 21.70dB). 

We now investigate the quality of predicted frames in terms of PSNR in dB. 

Figure 6.7 shows the PSNR comparison of the three prediction methods for six test 

sequences: Table Tennis, Flower Garden, Foreman, Football, Tempete and Mother & 

Daughter. We can observe from these comparisons that the proposed Method-3 

outperforms other methods for sequences with medium or high motion, as with Foreman 
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(up to 4dB over Method-1 and 1.5 dB over Method-2) and Flower Garden (up to 7dB 

over Method-1 and 2.1dB over Method-2). For sequences with low motion, such as 

Mother & Daughter, even a simple frame copy (Method-1) seems to work well and the 

other two methods do not offer any prediction advantage. On the other hand, the 

sequence Tempete contains zooming, which is not well-matched to the block translation 

motion model and causes many inaccurate MVs in the compressed bitstream. This hurts 

Method-2 and Method-3, which rely on encoded MVs for prediction, so their gain over 

Method-1 is relatively small in this case as well. 

The subjective quality of predicted frames is illustrated in Fig. 6.8 (Flower 

Garden) and Fig. 6.9 (Football). We compare prediction results for up to 3 frames ahead 

using Method-2 and Method-3. As expected, the further ahead we predict, the lower the 

quality of the predicted frames for both methods, especially near the boundaries of the 

moving regions. Nevertheless, the subjective quality advantage of Method-3 is evident. 

Method-2 suffers from significant blocking artefacts near moving region boundaries and 

from occlusions of the foreground object by background blocks. This is less of a problem 

for Method-3, due to its region-based predictive approach and ordinal depth ordering. 

6.1.4. Predictive Decoding Using GME and Motion Reliability 

The two frame prediction methods presented in the previous sections did not 

consider camera motion. Hence, in this section, we describe a frame prediction 

framework that incorporates global (camera) motion modeling and estimation. This way, 

we can perform frame prediction using both local motion (LM) and global motion (GM) 

extrapolation. The task of a frame prediction system is to determine: 

1) Global and local motion for each pixel; 

2) Weights on global and local motion per pixel for target frame synthesis. 

Thus, the composition of a one-step target frame    can be formulated as 

                                    

                          Equation 6.1 
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where          denotes a pixel value at       in frame  .      and      are, 

respectively, the X- and Y- components of local MV at      , while      and      are 

X- and Y- components of MVs synthesized from a global motion model.   is the temporal 

interpolator to generate the preliminary target frame. Weights     and     determine 

the influence of local and global temporal interpolation on the resulting predicted frame. 
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Figure 6.10: Predictive decoding system using GME and 
motion reliability 

Based on this concept, we present a predictive decoding framework that 

decouples local and global motion and consists of three processing stages. Global 

motion (GM) estimation and motion reliability analysis are the key components in the first 

stage, where we estimate global motion parameters and refine the MV field. In the 

second stage, we predict local and global motion for the target frame and determine 

corresponding weights based on the Linear Minimum Mean Square Error (LMMSE) 

criterion. Finally, in the third stage, a temporal interpolator   is applied to compose two 



 

154 

target frames that are linearly combined to form the final predicted target frame. The 

proposed MCPD framework is schematically shown in Fig. 6.10. 

Stage-1, -2, and -3 represent the procedures employed in the proposed frame 

prediction. These stages can be further iterated to compose multiple target frames, as 

shown in Fig. 6.10. By re-using the MV field produced from Stage-1 we can iteratively 

perform Stage-2 and Stage-3 to predict more frames. We describe each stage in detail 

in the following sections. 

6.1.4.1. MV Reliability and Global Motion Estimation 

MVs extracted from the video bitstream are usually estimated by a block-

matching algorithm in the encoder. For many reasons the MV estimates may fail to 

represent the true motion, e.g. poor texture of the block that an MV is associated with or 

boundary blocks of a moving object. An MV field can be smoothed out through common 

filtering techniques, such as a 2D median filter, however, a drawback of such a filter is 

that good MVs might be contaminated from surrounding noisy MVs. In this section, we 

apply MV reliability analysis before MV refinement so that we can distinguish reliable 

MVs from unreliable ones and selectively feed them into different processing modules. 

MV reliability is rated through a cascade of three MV filters that were proposed in 

[28], and described in Section 2.2.4. Each filter in the cascade constructs a particular MV 

pattern in a 3×3 neighbourhood and examines the reliability in terms of relative MV 

magnitude difference and phase difference. We then conduct a binary classification 

through a hard thresholding, and a certain percentage of the least reliable MVs are 

identified as MV outliers. In this section, we target on 20% of the least reliable MVs as 

the outliers and the remaining 80% of MVs as the inliers. Once MVs are classified, inliers 

are fed into a GM estimator, while outliers are further subjected to an MV refinement. As 

an example, in Fig. 6.11 we show the MV field extracted from the bitstream along with 

identified MV outliers with the overall inlier percentage thresholds set to 70%, 80% and 

90%, where the outliers are marked in a darker colour while the inliers are marked in a 

brighter colour. Frame #2 of Flower Garden is used in this example.  
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MV field, Flower Garden, Frame #2 Inlier percentage: 90%

Inlier percentage: 80% Inlier percentage: 70%
 

Figure 6.11: MV field from bitstream and outlier distribution 
with inlier percentage at 70%, 80% and 90%. 

The outlier distributions show that the noisy MVs are mainly located in 1) areas 

with poor texture (e.g. background sky) and 2) boundary areas of moving foreground 

objects (e.g. the tree trunk). Also note outliers are seen along the frame boundaries. 

These outliers are mainly caused by camera movement. The areas are new 

appearances in a frame as the camera moves and generally end up with fairly different 

MVs compared to their neighbouring blocks, despite their rich texture. As we decrease 

the MV inlier percentage from 90% down to 70%, more MV outliers are discovered, but 

they mainly appear in these areas. An MV inlier percentage of 80% is empirically chosen 

in this section and used throughout the rest of the experiments. 
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We use the 8-parameter perspective model, described by a vector   

         , to represent GM. The parameters are estimated using an iterative gradient 

descent approach [3]. Once we obtain GM parameters global MVs can be calculated for 

each pixel in the current frame. Given       and         as the coordinates in the current 

and the previous frame, respectively, corresponding to the global motion model  , the 

X- and Y- components of the global MV (GMV) at       in the current frame can be 

computed as: 

      
             

      
           , 

Equation 6.2 

where 

   
          

         
   

    
          

         
  

Equation 6.3 

For local motion we perform MV field refinement. The goal of MV field refinement 

is to find a reliable MV to replace the original MV that is identified as an outlier. Since 

block-matching-based motion estimation sometimes fails to catch a reliable MV a better 

approach is to find an MV replacement from its surrounding reliable MVs. The criterion is 

the minimum prediction error between the current block and the block from the reference 

frame. Suppose the MV of a     pixel block centered at       has been declared an 

outlier, and let           
      

  ,            , be its   surrounding MV inliers. 

For each neighboring inlier MV we calculate the sum of absolute differences (SAD) 

between this block in the current frame       and the corresponding block in the previous 

frame      : 
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 Equation 6.4 

                                

             
          

       Equation 6.5 

The best MV is the one that minimizes     . This vector replaces the outlier MV as the 

new (local) MV for the block at      : 

                             Equation 6.6 

By the end of this stage we obtain a global MV and local MV for each pixel in the 

current frame. 

6.1.4.2. Pixel-level Global and Local MV Prediction 

In the previous section, we obtained the global and refined local motion vectors 

that connect the current frame to the previous frame. The next step is to predict the 

motion vectors that connect the future (target) frame to the current frame. This way, 

each pixel in the target frame can be predicted using local and global motion, and these 

two predictions can be combined in a way that minimizes the overall prediction error.  

Before we proceed on to local and global MV prediction, we first calculate the 

absolute inter-prediction residual   between previous frame       and current frame       

using LMV and GMV from Stage-1: 

                  

            
       

     Equation 6.7 
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where                          is the frame resolution, and     
     

   

represents either     or     depending on whether prediction is done based on global 

or local motion. 

GMV prediction for the future frame is similar to the calculation through Eq. 6.5 

and 6.6. Assuming consistent camera motion between consecutive frames, we apply the 

same GM parameters from Stage-1 for GMV prediction. 

( a ) ( b )

Current Frame Future Frame

Overlapping

Area

Empty

Area

MV1

MV4MV3

MV2

MV reversing MV projection

Projection

 

Figure 6.12: Local MV prediction, (a): MV reversing, (b): MV 
projection 

LMV prediction, on the other hand, is accomplished through an iterative 

approach. First, we reverse refined local MVs from Stage-1 and point them towards the 

future frame, as shown in Fig. 6.12(a). The difference between neighbouring MVs may 

lead to: 1) an overlapping area where pixels are landed on by multiple MVs, and 2) an 

empty area where pixels are not landed by any MVs, as shown in Fig. 6.12(b). 

To solve case 1), i.e. an overlapping area, the pixel is assigned an MV that 

minimizes the inter-prediction residual among all candidate MVs . For the pixel located at 

      in the future frame that has   MVs pointing to it,                   we pick 

the MV that leads to a minimum residual and declare it the final predicted LMV: 
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    Equation 6.8 

To solve case 2), i.e. an empty area, we apply the same approach, however, 

candidate LMVs are formed from surrounding pixels in a 3×3 neighbourhood. For a small 

empty area, whose either width or height is less than 3 pixels, we can always find LMV 

candidates to perform the prediction, while for a large empty area, i.e. both width and 

height are greater than 3 pixels, there will be some pixels surrounded by pixels with no 

LMVs. To deal with such a case, we use an iterative approach to gradually fill up the 

empty area. We start with pixels that are surrounded by at least one pixel with a valid 

LMV and predict MVs for those pixels using Eq. 6.8. Then, a newly filled area is used for 

the next round of LMVs prediction. Iteratively, we predict LMVs for all pixels in the future 

frame. 

6.1.4.3. Frame Synthesis using LMMSE Criteria 

With global and local MVs predicted from Stage-2 we are able to temporally 

predict two future frames based on GMVs and LMVs. In this final stage we merge these 

two frames based on the Linear Minimum Mean Square Error (LMMSE) criterion [109], 

under the assumption of consistent global and local motion between consecutive frames. 

Please refer to Chapter 5, Section 5.3, for the derivation of LMMSE weights. 

The key to LMMSE is to determine the error resulted from temporal prediction 

through either local or global motion. However, it is impossible to determine the actual 

error as we do not have the knowledge of the future frame (if we knew the future frame, 

there would be no need to predict it). Assuming consistent camera motion and a steady 

object moving trajectory, we use previous inter-prediction error statistics as an 

alternative, as shown in Fig. 6.13. With a global MV and a refined local MV from the 

current frame (frame   in the figure) we can "predict" the current frame from the previous 

frame and thus calculate two inter-prediction error frames,     and    , corresponding 

to prediction using global and local motion, respectively. We then use predicted GMV 

and LMV of the future frame to move prediction error residuals from     and     onto 

the future frame. This forms two predicted error frames     and     that serve as 

predicted error signals for the synthesis of the future frame via global and local motion, 
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respectively. We further partition     and     into 2×2 blocks. The error variance of 

each 2×2 block is used to calculate the weights     and     in Eq. 6.1, which are in 

turn applied to all four pixels inside the 2×2 block. The weights are calculated using the 

LMMSE approach described in Section 5.3. 

Frame n-1 Frame n Frame n+1 (the future frame)

Inter-prediction

Error Frame

EGM, ELM

GMV / LMV

Predicted Error Frame

eGM, eLM

Predicted 

LMV / GMV

Weights

Determination

 

Figure 6.13: Prediction error and weights determination. 
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Predicted frame (GM)

Predicted residual (GM)

LMMSE weights (GM)

Predicted frame (LM)

Predicted residual (LM)

LMMSE weights (LM)

 

Figure 6.14: [Top]: Predicted frame, [Middle]: prediction 
residual, [Bottom]: computed LMMSE weights. Frame 
prediction using global (left) and local motion (right). 

In Fig. 6.14, using frame #2 of Flower Garden, we show frames predicted by 

local and global motion (top row), predicted error frames     and     (middle row), and 
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visualized weights     and     (bottom row). The results for global motion are shown in 

the left column and for local motion in the right column. Note in the residual frame, a 

brighter colour represents higher prediction error, while in the LMMSE weights frame, a 

brighter colour represents higher weights. 

Though visually two predicted frames are hard to distinguish in the top row, the 

residual frames in the middle row illustrate that GM is better in predicting background 

areas (e.g. the garden and house), while LM performs better in predicting foreground 

objects (e.g. the tree trunk). The LMMSE weights reflect how GM and LM should 

influence the final target frame. From the right column of Fig. 6.14 we can see LM gets 

high weights on foreground areas and some parts of the background areas that have 

rich texture, while GM gets high weights in most of the background areas. 

6.1.4.4. Subjective and objective quality evaluation 

In this section we compare the subjective quality of predicted frames as well as 

their prediction error. The prediction is tested up to 3 frames ahead using the following 

three prediction methods: 

 Method-1 is the block-based predictive decoding based on whole frame 

concealment approach proposed in [88],  

 Method-2 is the region segmentation based approach from section 6.1.3, 

also refer to our earlier work [92], 

 Method-3 is the just described method based on LMMSE combination of 

local and global temporal prediction. 

 In Fig. 6.15 we display frames predicted from these three methods. In this 

experiment, frame #33 of Coastguard is predicted 3 frames ahead of time. 
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Figure 6.15: Predicted frame and their error frames, frame 
#33 of Coastguard. [Left]: Method-1, PSNR: 23.84dB, 
[Middle]:  Method-2, PSNR: 24.75dB, and [Right]: Method-3, 
PSNR: 25.21dB. 

As we predict a frame that is 3 frames ahead of the current frame we expect the 

artefacts to be more or less in all predicted frames, while error frames illustrate where 

the artefacts are located, e.g. object boundaries and textured areas. We observe that the 

latest method (Method-3) benefits from modeling global motion and results in less 

prediction error in the background area than Method-1 and Method-2, while Method-2 

seems to have less background prediction error than Method-1 due to its region-based 

approach. Also, despite a high prediction residual along the object boundaries for all 

three approaches, Method-3 seems to have less overall prediction error on foreground 

objects, with 0.47dB PSNR gain over Method-2 and 1.37dB over Method-1. This 

shows, at some level, that weighted local and global temporal prediction performs more 

effectively than the other two pure local motion based approaches. 

Finally, we present objective evaluation results in terms of average PSNR for 

three approaches on 6 sequences. PSNR is computed with a prediction depth up to 3 

frames ahead, as shown in Fig.16. We can observe that Method-3 performs better 

overall than the two other approaches when the sequence contains global motion, such 
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as Flower Garden, Tempete, Coastguard and City. The PSNR gain of Method-3 is about 

1~2dB over Method-2 and up to 4~5dB over Method-1. For sequences with a stationary 

camera, Tennis and Mother & Daughter, Method-3 performs closely with Method-2. For 

sequences that involve very little motion, e.g. Mother & Daughter, all methods have a 

comparable (and very good) performance. 

 

Figure 6.16: PSNR vs. prediction depth. 
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6.2. Frame Interpolation 

A useful application with frame interpolation is the frame rate up-conversion 

(FRUC), which increases temporal resolution of video by interpolating frames between 

existing video frames. It has been proposed as a tool for video communications, where 

video sources sometimes have to be temporally downsampled to meet low bandwidth 

requirements of communication channels. FRUC also plays a role in other video 

applications, such as display format conversion and slow motion playback [110]. Various 

FRUC algorithms have been developed in the past. Non-motion compensated schemes, 

such as frame repetition and frame averaging, interpolate a skipped frame by combining 

the pixel values at the same location between neighbouring frames. These schemes are 

fast, but lead to blurring and motion jerkiness when strong motion is present in the 

scene. 

To improve visual quality, a frame can be interpolated based upon on the motion 

vectors (MVs) between two consecutive frames, leading to motion-compensated frame 

interpolation (MCFI) [95] [110-112]. Due to the low density of block-based MVs and their 

inaccuracies, direct MCFI causes annoying visual artefacts in interpolated frames. Many 

approaches have been proposed to compensate for these artefacts, including vector 

median filtering, overlapped block motion compensated (OBMC) interpolation [110], 

multistage refinement [111-112], bilateral [95] and global motion estimation [113]. 

Alternatively, instead of using block-based motion, region-based schemes 

interpolate the frames by considering moving regions or objects. In [114], a region-based 

interpolation method is proposed, which characterized the region motion using an affine 

4-parameter motion model and determined depth order based on statistical analysis of 

occluded areas. This approach is effective in removing visual artefacts and preserving 

object structure, but it is computationally fairly expensive. 

In this section, we present a region-based frame interpolation (RBFI) scheme for 

compressed video. The computational complexity is reduced by utilizing MVs from the 

compressed bitstream instead of re-estimating them. Similarly to [13], we incorporate a 

scale parameter into our motion model and estimate region depth order by analyzing the 

motion of neighbouring regions. 
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6.2.1. Interpolation Framework 

RBFI takes segmented moving regions as basic units to generate the 

interpolated frame. In Fig. 6.17, frame   is first segmented into moving regions and these 

regions are tracked into frame    . In this example, there are three regions (        ) 

after segmentation: two moving regions (   and   ) and one background region (  ). 

Region depth order is then estimated as explained in Section 5.2.1. Assuming    is the 

closest to the point of view, and    is the furthest, we should obtain depth order ideally 

as         . The interpolated frame      is generated by: 

                           Equation 6.9 

         
        

        
      

           
          

          
        

Equation 6.10 
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Figure 6.17: Region-based frame interpolation (RBFI). 

where         denotes the relative position of the interpolated frame (e.g.       for 

1:2 up-conversion) and         are the weights for the forward and backward 



 

167 

interpolation, respectively. We simply used                   in our experiments, 

because we only considered 1:2 up-conversion. 

Equation 6.9 is used to generate forward and backward interpolated frames 

       and         . Here,   
     represents the displacement of region    from the 

image plane at time   into the image plane at time     along its predicted trajectory. 

The operation  represents the aggregation of pixels       from different regions, 

defined as follows: 

            

                             
                             

                                 

  Equation 6.11 

where                       . Region depths    and    determine which region gets 

occluded during frame synthesis. In Fig. 6.17, region    will be “in front of”    and   , 

while region    will be “behind”    and   . 

6.2.2. Moving Region Segmentation and Depth Order Estimation 

Motion information exists in a compressed video stream as MVs, which are 

associated with blocks of various sizes (e.g. 8×8 and 16×16 in MPEG-4, 4×4 to 16×16 in 

H.264/AVC). We first normalize MVs according to the temporal distance and direction 

indicated by the reference frame index and then map them to the minimum block size 

supported by the particular codec. 

In our earlier work [27] we proposed a coarse-to-fine algorithm for moving region 

segmentation. The same strategy, shown in Fig. 6.18, is adopted here. It consists of two 

stages: 1) coarse segmentation, which gives regions with block-based boundaries 

obtained either by motion segmentation or region tracking, and 2) fine segmentation 

using colour and edge information, which refines region boundaries to pixel precision. 
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Figure 6.18: Coarse-to-fine moving region segmentation. 

Let frame   and     be the two frames between which we wish to interpolate. 

Motion segmentation is carried out in frame   by our algorithm from [27], while in frame 

   , coarse segmentation is performed with the help of region tracking, illustrated in 

Fig. 6.19. Blocks in frame     are grouped by examining their reference blocks in 

frame  . If the reference block in frame   is located inside of some region the current 

block inherits the same region index, otherwise, the current block is declared as a part of 

the boundary region and is subject to further boundary refinement. In this way, we can 

maintain the consistency of moving regions from one frame to the next. 
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Figure 6.19: Coarse segmentation by region tracking. 

The maximum number of moving regions is set to 15 in our experiments. If the 

number of regions after motion segmentation is greater than 15, iterative region merging 

is performed to reduce their number to 15. Then, the depth of each region is estimated 

as discussed in Chapter 5, Section 5.2. 

Motion segmentation described above identifies moving regions in a frame. A 

crucial step of synthesizing an intermediate frame is to predict the moving trajectory, i.e. 

how these moving regions move backward or forward to their neighbouring frames. We 

approximate the trajectory of a region using a 3-parameter motion similar to the model 

used in [13]. 

Let    be the scale factor,       and       be the horizontal and vertical velocity, 

respectively, and       be the coordinates of a pixel in region   in frame  . Then the 

corresponding coordinate of this pixel in frame     can be computed by: 

 
 
     

 

      
 
   

 

  
     
     

 
 

  Equation 6.12 

If the up-conversion factor is    , then at time         and        , where 

           , the pixels of region   are at 
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  Equation 6.13 

 
 
     

 

 

 
 

 
          

 
   

 

     
     
     

 
 

  Equation 6.14 

This motion model is based on the global camera motion model proposed in [13]. 

By applying the same motion parameters to all pixels in a region we can keep that region 

intact during the synthesis of an intermediate frame and suppress, to some extent, 

blocking artefacts found in block-based interpolation. 

For the  -th block of a region in frame  , let              
  denote the 

coordinates of the block center with respect to the region center. Then the corresponding 

coordinate of the block center in frame     can be obtained as: 

            
  
 

  
    

   
   

  Equation 6.15 

The three motion parameters, scale factor, and horizontal and vertical velocity 

can be estimated as follows [13]: 

   
                     
   

          
   

 Equation 6.16 

 
     
     

  
   

  
    Equation 6.17 

    
 

 
   

 

 

   

 Equation 6.18 
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where   is the total number of blocks in the region. 

Encoded MVs are commonly estimated by minimizing the prediction error at the 

encoder, so it is often found that some MVs do not match the physical region/object 

motion. In [13], these unreliable MVs are iteratively removed from the motion vector field 

by several heuristics. We instead apply our outlier removal algorithm [23] to obtain a 

more reliable MV field prior to motion parameter estimation in Eq. 6.16-6.18. 

6.2.3. Implementation of RBFI in MPEG-4 

Figure 6.20 shows the functional diagram of RBFI within a block-based video 

decoder, in this case MPEG-4. The key information fed into the frame interpolation 

model is two reconstructed frames (frames   and    ) and their MVs. The framework 

shown in Fig. 6.20 operates on compressed video, but it can be adapted to raw video by 

replacing the video decoder with a motion estimator, where an extra frame     is 

needed for motion estimation. 
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Figure 6.20: Functional block diagram of the RBFI system. 
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The popular Xvid MPEG-4 video codec (www.xvid.org) is used in our work to 

illustrate the proposed frame rate up-conversion. The steps are: 

Step  1. Segmenting moving regions in frame   and tracking all regions towards 

frame    ; 

Step  2. Estimating three motion parameters of all moving regions in frames   and 

   , and averaging these two sets of motion parameters to predict final motion 

parameters for a particular region; 

Step  3. Determining region depth order using predicted region moving 

trajectories, as in Section 5.2; 

Step  4. Forward (backward) synthesis of an intermediate frame        (        ) 

using decoded frame   (   ); 

Step  5. Post-processing two synthesized frames: 

a. Overlapped areas: determined using the estimated region depth order; 

b. Empty areas: a combination of boundary matching and linear spatial 

interpolation [52]; 

Step  6. Interpolating frame      by weighted averaging of two intermediate 

frames using Eq. 6.8. 

6.2.4. Experimental results 

For performance evaluation purpose, five video sequences — Foreman, Football, 

Soccer, Mobile Calendar and Crew — of CIF resolution (352×288) at 30 frames per 

second (fps) are used in the experiments. The frame rate is first reduced to 15 fps for all 

sequences by skipping even frames and the Xvid MPEG-4 video encoder is then used to 

compress sequences with a bitrate set to 512 kbps using the IPPPP GOP structure. With 

these testing sequences, we compare the frame interpolation performance of the 

following four methods:  

 Method-1 – frame repetition;  
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 Method-2 – frame averaging;  

 Method-3 – block-based MCFI [110];  

 Method-4 – the proposed region-based frame interpolation. 

The visual comparison of interpolated frames is presented in Figs. 6.21–23 for 

sequences Foreman, Football and Soccer, respectively. In Fig. 6.21, blurring caused by 

Method-2 is seen in the top right frame. Method-3 solves this problem by using motion 

compensation, but introduces blockiness in the bottom left frame. The block artefacts are 

mostly removed by Method-4 in the bottom right. 

Figure 6.22 shows an example from sequence Soccer. In the top right frame 

(Method-2) we can clearly see the double player caused by direct frame averaging. 

Although the bottom left frame (Method-3) is clearer than the frame produced by 

Method-2, part of it (players’ hands and legs) is degraded due to motion inaccuracy. 

These artefacts have successfully been eliminated using Method-4 in the bottom right of 

Fig. 6.22. 

Similar results can also be observed in Fig. 6.23, where an example from 

Football is shown. Fast motion is involved as players are engaged and Method-2 

produces a blurred result. Method-3 creates blocking artefacts in high-motion areas. 

Method-4 provides much better visual quality than either Method-2 or Method-3. Note, 

however, that despite their better visual quality the PSNR of frames produced by 

Method-4 is not always higher than that of Method-3. 
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Figure 6.21: Interpolated frame #140 of Foreman. [Top Left], 
the original frame, [Top right]: Method-2 (PSNR: 27.43dB), 
[Bottom Left]: Method-3 (PSNR: 29.59dB), [Bottom Right]: 
Method-4 (PSNR: 29.42dB). 
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Figure 6.22: Interpolated frame #28 of Soccer. [Top Left], the 
original frame, [Top right]: Method-2 (PSNR: 23.28 dB), 
[Bottom Left]: Method-3 (PSNR: 25.91 dB), [Bottom Right]: 
Method-4 (PSNR: 26.16 dB). 
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Figure 6.23: Interpolated frame #22 of Football. [Top Left], 
the original frame, [Top right]: Method-2 (PSNR: 25.46 dB), 
[Bottom Left]: Method-3 (PSNR: 27.22 dB), [Bottom Right]: 
Method-4 (PSNR: 27.13 dB).  

We finally evaluate the proposed method in terms of the Peak Signal-to-Noise 

Ratio (PSNR) in dB. We list averaged PSNR values for these five video sequences in 

Table 6.2. As one might notice, the PSNR performance of the proposed Method-4 is not 

always better than Method-3, even though our method generally has better visual 

quality than other methods. This is because PSNR measures pixel-wise prediction 

accuracy to its original frame, instead of perceived visual quality. The proposed region-

based method maintains a good visual quality by partitioning the scene into a set of 

moving regions, and modelling the motion of the entire regions, rather than individual 

blocks. Although this gives visually pleasing results the fact that the region motion model 
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has only three parameters inevitably leads to some loss of accuracy, as evidenced by 

the PSNR results. 

Table 6.2: Average PSNR comparison among four methods  

6.3. Frame Resizing 

In this section, we address one of popular applications of frame resizing, Super-

Resolution (SR) [105] [106], using the proposed techniques of motion modelling and 

object segmentation. SR is a technique for enhancing the resolution of images and video 

frames and plays an important role in a variety of applications, including video 

conferencing, video streaming and surveillance. Due to the abundance of compressed 

video content, SR reconstruction from compressed video has become important. 

The utility of (sub-pixel) motion in resolution enhancement has long been 

recognized [107]. Using the motion vectors from the compressed stream, SR frames can 

be reconstructed via temporal interpolation, as in [108]. However, unreliable MVs may 

cause inaccurate interpolation, often evidenced by the occurrence of blocking artefacts 

in the SR frame. This problem can be mitigated by removing MV outliers [28] and/or 

refining MVs based on their neighbours [111]. Still, these techniques do not 

fundamentally address the problem of inaccuracy of local motion (i.e. MVs). Meanwhile, 

purely spatial approaches, e.g. bi-linear and B-spline interpolation [119], are free of 

motion artefacts, but may instead blur out textured regions in SR frames. 

In this section, we propose a spatio-temporal SR approach for compressed video 

that incorporates both local and global motion modelling. The approach was present in 

our previous work [101]. The proposed approach makes use of the information from the 

Sequence Method-1 Method-2 Method-3 Method-4 

Foreman 26.33 28.32 30.52 29.66 

Crew 25.89 27.85 30.49 30.05 

Football 25.70 26.64 28.05 27.84 

Soccer 20.96 23.33 26.34 26.51 

Mobile Calendar 21.75 23.81 25.52 25.93 
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compressed bitstream, such as MVs and prediction residuals, and avoids their re-

computation at the decoder. However, not all processing is done in the compressed 

domain; hence we do not call this approach "compressed-domain" SR, but simply SR 

from compressed video. The main idea is to reconstruct the SR frame through a fusion 

of temporally and spatially interpolated frames. The fusion weights are derived by 

assessing the accuracy of each interpolation method on a block-by-block basis and then 

combining them in a Linear Minimum Mean Squared Error (LMMSE) fashion. As shown 

in Fig. 6.24, we first extract MVs and inter-prediction residuals from the compressed 

video bitstream along with the low resolution (LR) frame(s). Following that, we form three 

preliminary versions of the SR frame: one based on temporal interpolation using local 

motion (LM), i.e. MVs; one based on temporal interpolation using global motion (GM); 

and one based on spatial interpolation. Based on these preliminary SR frames, a set of 

weights              is determined for each block in the SR frame. The weights reflect 

the accuracy of each interpolation method in a particular block; the method with the 

highest accuracy will end up with the highest weight in that block. The final SR frame is 

obtained as a linear combination of the three preliminary SR frames on a block-by-block 

basis. 
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Figure 6.24: The proposed SR algorithm. 
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6.3.1. Spatio-Temporal SR Reconstruction 

6.3.1.1. Spatial and Temporal SR reconstruction 

In this thesis, spatial SR reconstruction refers to using the current low-resolution 

(LR) frame to interpolate the current SR frame, while temporal SR reconstruction refers 

to using the previous LR frame to interpolate the current SR frame. These two 

approaches can be linearly combined as follows: 

                    
 

 
     

 

 
          

          
 

 
 
 

 
     

Equation 6.19 

where                  and                denote LR frames at times       and  , 

           denotes the SR frame at time  ,     and     are, respectively, the X- and 

Y- components of the MV at           and    and    are the interpolators used for the 

previous and current LR frames, respectively. Pixel coordinates       refer to the SR 

frame and   is the scaling factor between the LR and SR frames, here assumed to be 

the same for both width and height. Weights    and    determine the influence of 

temporal and spatial interpolation on the resulting SR frame. 

Figure 6.25 shows two extreme cases — purely spatial interpolation (   

      ) on the left and purely temporal interpolation (         ) on the right — on 

a frame from Flower Garden encoded using the Xvid MPEG-4 encoder with half-pixel 

accurate MVs at 512 Kbps. Note that the temporally reconstructed frame (right) 

preserves texture better than the one on the left, but suffers from motion artefacts near 

the boundaries of the tree trunk. Hence, different interpolators seem to be appropriate in 

different parts of the frame. In Chapter 5, Section 5.3, we developed a method to decide 

how much weight to assign to each interpolator using a Linear Minimum Mean Square 

Error (LMMSE) approach. 
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w1 = 1, w2 = 0w1 = 0, w2 = 1
 

Figure 6.25: SR frame reconstruction using different weights 
on spatial and temporal interpolated pixels (Flower Garden 
frame #2). 

6.3.1.2. SR Reconstruction Incorporating Local and Global Motion 

Motion vectors (MVs) in the compressed video stream represent local 

translational motion estimates of individual blocks in the frame. Ideally, for accurate 

temporal SR reconstruction, we would like to have precise motion information for each 

pixel. In certain cases, especially in the background areas, a more accurate estimate of 

the motion of individual pixels may be obtained by utilizing global motion. Our final 

reconstructed SR frame,           , is obtained as a linear combination of three 

preliminary SR frames: a temporal frame obtained on the basis of local motion (TL), i.e. 

MVs from the compressed bitstream; a temporal frame obtained on the basis of global 

motion (TG); and a spatial frame obtained through spatial interpolation. The SR 

reconstruction process can be represented as: 
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Equation 6.20 

where             is the global motion vector (GMV) corresponding to the location 

      in the SR frame. In this section, we use the 8-parameter perspective model 

described in the previous chapters, to represent GM. The parameter vector   is 

estimated in each frame from the MVs in the bitstream using an iterative gradient 

descent approach [3] with MV outlier rejection from [28]. Given           and             

as the coordinates in the current and the previous LR frame, respectively, the X- and Y- 

components of the GMV at            in the current LR frame corresponding to this 

motion model can be computed as: 

         
 
        

    
    

         
 
      

  
   

 
    

Equation 6.21 

where 

  
   

  
 
     

 
     

  
 
     

 
    

 

  
   

  
 
     

 
     

  
 
     

 
    

 

Equation 6.22 

and             is the location in the previous LR frame. 
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Figure 6.26: (a) LMMSE weight calculation, (b) SR frame 
reconstruction. 

6.3.1.3. Combining Spatial and Temporal Frames 

The weights on temporal and spatial interpolation should reflect the level of 

quality impact on the SR frame and are determined by the Linear Minimum Mean 

Square Error (LMMSE) criterion, which was discussed in Chapter 5, Section 5.3.  

As discussed in Section 5.3, the LMMSE weights for each block depend on the 

interpolation error vectors              between the actual and interpolated SR blocks. 

Since the actual SR blocks are not known, these error vectors need to be estimated for 

each block. Thus, the proposed SR reconstruction proceeds as follows. First, we 
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estimate the interpolation error vectors              as shown in Fig. 6.26(a) for all 

blocks in the LR frame. In this section, we use 44 blocks, which, based on our 

experiments, offer a good balance between the accuracy of interpolation error estimates 

(which favours larger blocks) and visual quality of reconstructed frames (which favours 

smaller blocks to reduce blocking artefacts). The LM interpolation error     is taken to be 

the decoded inter-prediction residual from the compressed bitstream. Hence, except for 

decoding, no other computation is required to obtain    . The GM interpolation error     

is obtained by first estimating the GM parameters of perspective motion using the 

methods from [28] and [3], and then warping the previous LR frame onto the current LR 

frame. The difference between the interpolated and the decoded current LR frame 

provides an estimate of    . 

Finally, to estimate    we proceed as follows. We first down-sample the current 

LR frame by the same ratio that is to be used for LR  SR up-sampling (in this section 

all experimental results are based on scaling ratio    ). Then, we reconstruct the 

current LR frame from its down-sampled version using B-spline interpolation. The 

difference between this spatially-interpolated LR fame and the actual decoded LR frame 

provides an estimate of   . Having obtained              as described above, we 

compute the LMMSE weights              as discussed in Section 5.3. 

Now that the LMMSE weights are computed, we proceed to synthesize the SR 

frame as shown in Fig. 5.26(b). First, preliminary versions of each 88 SR block are 

synthesized using LM, GM and spatial interpolation. The LM-interpolated block,     , is 

generated using the decoded MVs together with bilinear interpolation, much like the 

conventional temporal SR reconstruction. The GM-interpolated block,     , is generated 

using the estimated GM parameters through SR warping described by equations 6.20-

6.22. The spatially-interpolated block,    , is generated using the B-spline interpolated 

block from the current LR frame. The final SR block is obtained as a linear combination 

of LM-, GM- and spatially-interpolated blocks. 

6.3.2. Results and Discussion 

In this section, we present experimental results to evaluate the performance of 

the proposed SR method. We compare our method with temporal and spatial SR 
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interpolation approaches from [118] and [119] on several standard test sequences 

(Flower Garden (QSIF), Coastguard (QCIF), City (CIF) and Mobile Calendar (QCIF)), all 

involving some amount of global motion. All sequences were in YUV 4:2:0 format and 

had a frame rate of 30 frames per second (fps). QSIF (176120) and QCIF (176144) 

resolution sequences were encoded at 128 kbps, while the CIF (352288) sequence 

was encoded at 512 kbps. Encoding was performed using the Xvid MPEG-4 encoder. In 

all experiments the SR up-conversion factor was     in both the horizontal and vertical 

direction. 
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Figure 6.27: [Left]: Interpolation error, [Right]: LMMSE 
weights. From top to bottom, (a) temporal interpolation 
using LM, (b) temporal interpolation using GM and (c) 
spatial interpolation. 

Interpolation Error Weights

(a): Temporal interpolation (local motion)

(b): Temporal interpolation (global motion)

(c): Spatial interpolation
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6.3.2.1. LMMSE Weights Visualization 

Before showing the objective and subjective SR reconstruction results, we first 

illustrate the LMMSE weights on a sample frame from the Flower Garden SIF sequence 

encoded at 512 kbps. Figure 6.27 shows interpolation errors (left column) and LMMSE 

weights (right column) for each 44 block in the frame. Weight value is proportional to 

the brightness of a particular block; the brighter the block, the higher the weight.  

Note that LM weights     tend to be high in the textured foreground areas of the 

tree trunk where MVs from the bitstream are expected to be fairly accurate. On the other 

hand, GM weights     tend to be high in the background regions where global motion 

parameters provide accurate interpolation. Finally, spatial weights    tend to be high in 

the smooth areas (e.g. the sky) and boundary regions between foreground and 

background (e.g. boundary of the tree trunk) where both local and global motion may 

provide less accurate results. 
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( a )

( c )

( b )

( d )
 

Figure 6.28: SR frames produced by the proposed method: 
(a) Flower Garden (frame #3), (b) Coastguard (frame #31), (c) 
City (frame #8) and (d) Mobile Calendar (frame #40). 
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Temporal SR [118] Spatial SR [119] Proposed SR

 

Figure 6.29: SR frames generated by: [Left]: temporal 
interpolation [118], [Middle]: spatial interpolation [119], and 
[Right]: proposed method. 
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6.3.2.2. SR Quality Evaluation 

Figure 6.28 shows several SR frames reconstructed by the proposed method 

from Flower Garden, Coastguard, City, and Mobile Calendar. For detailed visual 

comparison a zoom-in to the regions outlined in red is further shown in Fig. 6.29 for the 

methods from [118], [119] and the proposed method.  

The top row in Fig. 6.29 shows SR frames of Flower Garden, reconstructed using 

the temporal interpolation method from [118] (left), spatial interpolation [119] (middle), 

and the proposed approach (right). The frame produced by the method from [118] 

suffers from blocking artefacts along the foreground boundary, particularly in the bottom 

left portion of the tree trunk. Meanwhile, the method from [119], which relies on spatial 

interpolation, produces a frame that is free of blocking artefacts, but blurs out the texture 

inside the tree trunk and rooftops in the background. The proposed method provides a 

better balance between spatial and temporal interpolation, preserving texture detail 

simultaneously with suppression of blocking artefacts along foreground boundaries. 

Similar behaviour can be seen in the other frames in Fig. 6.29. 

Finally, for objective evaluation, we compute the luminance Peak Signal-to-Noise 

Ratio (PSNR) values of SR frames reconstructed by the mentioned three approaches 

from compressed bitstreams by comparing them to the uncompressed original frames at 

the SR resolution. Figure 6.30 shows the results for the first 50 frames of the four test 

sequences. As seen in the figure, the proposed method consistently outperforms the 

other two methods by a significant margin. The advantage over the method in [118] is 1–

3dB on most frames, while the advantage over the method in [119] is 2–6dB. The 

advantage of both the proposed method and that of [118] over the method in [119] is 

especially high on City, due to the large amount of detail that tends to be blurred out by 

the method in [119]. The average PSNR results are listed in Table 6.3. In terms of the 

average PSNR across all sequences, the proposed SR method outperforms the method 

from [118] by about 1.4dB and that of [119] by about 3dB. 
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Figure 6.30: PSNR (dB) on the 50 SR frames of City, 
Coastguard, Flower Garden and Mobile Calendar. 

Table 6.3:  SR performance, average PSNR in dB. 

Sequence Proposed Temporal SR [118] Spatial SR [119] 

Flower Garden 30.00 28.25 27.19 

City 27.11 26.16 21.75 

Coastguard 28.86 27.51 27.10 

Mobile Calendar 26.14 24.43 23.95 

Average 28.03 26.59 25.00 
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7. Conclusion and Future Directions 

In this thesis, we addressed the problem of motion modeling and object 

segmentation in compressed video, with applications in predicting, interpolating, and 

resizing video frames in digital communications. Specifically, we assessed, designed 

and optimized various schemes for global and local motion modeling, and for extracting 

moving regions from compressed video. We designed a framework to couple global 

motion estimation and motion segmentation, thereby enabling a system to obtain global 

motion information and object segmentation simultaneously. Finally, we demonstrated 

several uses of these techniques in various application scenarios including predictive 

video decoding, frame rate up-conversion, and super-resolution. 

Since the ability of existing MV-based GME schemes to estimate camera motion 

can be affected by inaccurate MVs, we analyzed the nature of MV outliers and 

approached outlier removal by categorizing them into Type-1 and Type-2 outliers, 

caused by noise and foreground objects, respectively. We then proposed a rejection 

cascade for Type-1 outlier removal and iterative object segmentation for Type-2 outlier 

removal. The performance of these outlier removal techniques was evaluated by 

incorporating them into a GME framework, and the improvements compared to state-of-

the-art GME approaches have been demonstrated. 

To extract object information from standard-compliant compressed video stream, 

we proposed moving object/region segmentation by making use of the information 

existing in the bitstream, and avoiding full decoding as much as possible. We looked at 

the issue of localizing object/region boundaries, and proposed multiple solutions in 

compressed domain and joint compressed-pixel domain. We evaluated these 

approaches in terms of computational complexity and segmentation accuracy. Several 

manually segmented video sequences have also been created in the process and 

publically released for future research. 
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To illustrate the application of motion modeling and segmentation in video 

communications, we dedicated a chapter to elaborate frame synthesis procedures based 

on motion and object information. We proposed both object-based and pixel-based 

synthesis approaches, where objected-based frame composition can be achieved by 

using either boundary matching or object ordinal depth information. 

Finally, we looked into various application scenarios that can potentially benefit 

from techniques developed in motion modeling and objection/region segmentation. 

Applications are categorized into frame prediction, frame interpolation, and frame 

resizing. As packet loss and network jitter are two main problems of a practical 

communication system, we demonstrated that frame prediction can be an attractive 

solution to reduce video frame rendering delay. In order to save communication 

bandwidth, video temporal and spatial resolutions have to be traded off. This problem 

can be mitigated by applying frame temporal interpolation and spatial resizing. In all 

these scenarios, motion modeling and segmentation play fundamental roles, and 

reducing their computational expense by directly making use of existing compressed 

domain information can have a profound impact in real-time system design and 

deployment. 

7.1. Future Work 

Conventional motion estimation introduces a number of inaccurate MVs into the 

encoded MV field. This has a direct impact on decoder-side motion modeling and 

segmentation performance. Such errors can be even more significant if motion 

interpolation or extrapolation is required in a particular application. We have exploited 

various techniques to accommodate MV inaccuracy, however, these methods were 

performed independently in each frame, and have been considered in the context where 

the encoder is oblivious to such requirements at the decoder side.  

In future work, we plan to extend this research to the encoder side and 

incorporate object tracking across frames. On the application side, we plan to develop 

an adaptive video jitter buffer that employs the proposed schemes for real life 
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performance evaluation. In the rest of this section, we address each of these new 

contexts, the challenges and research opportunities they bring about. 

7.1.1. Object Segmentation Assisted Motion Estimation 

To improve application-specific decoder-side segmentation performance, we 

consider adjusting motion estimation on the encoder side to help achieve this goal. It is a 

better approach than motion re-estimation at the decoder, since video compression 

usually loses information permanently during quantization, which  is impossible to 

restore subsequently. 

Joint motion estimation and segmentation have been studied for a number of 

years. A classic reference in this area is [34], however, in this approach the authors did 

not consider global motion. An alternative approach that takes global motion into 

account is background subtraction-based moving object segmentation. Again, there is a 

wealth of existing literature in this area (e.g. video object segmentation robust 

background modeling) [127] [128]. Once a background mosaic is gradually established, 

we can use background subtraction technique to segment moving regions. The 

foreground objects are detected as the difference between the current frame and an 

image of the scene’s background. Motion estimation is then performed within each 

object, background and foreground, and block partitions are adjusted to follow object 

boundaries as much as possible. MVs in each moving object will be less likely 

contaminated by neighbouring objects. Even though object information (i.e. background 

mosaic) is not transmitted to the decoder, accurate motion information will lead to  better 

decoder-side motion segmentation. 

The final issue in this approach is to justify the impact on compression efficiency 

and encoding complexity. As we stated earlier, such an approach is suitable in a 

content-based video processing, and the system can be optimized to trade off 

compression efficiency versus segmentation performance for a specific task. 

7.1.2. Object Segmentation and Tracking 

Due to the lack of object rigidity and motion field reliability, maintaining 

consistency of segmentation across multiple frames is a major problem in video object 



 

194 

segmentation. Particularly when segmentation is used for long-term statistical event 

detection and analysis, over- and under-segmentation poses a serious challenge as it 

leads to unreliable analytics. We proposed motion segmentation using Markov Random 

Field (MRF) to mitigate this issue, but the reliability can be compromised by the fact that 

segmentation is performed independently in each frame.  

In this context, a good framework for improving consistency is to combine object 

segmentation and tracking, where segmentation is used to localize all the objects and 

detect newly appearing objects, while tracking is responsible for predicting the number of 

objects and refining objects’ moving trajectory. 

One challenge of such a combined segmentation and tracking approach is to 

obtain an initial segmentation map. One simple solution is to construct a supervised 

system, i.e. let the user decide which objects are relevant and manually segment them 

at the beginning of a video sequence, however, such solution is impractical if the number 

of objects of interest is large. We propose a framework that consists of object acquisition 

and object tracking, where object acquisition is responsible for forming an initial 

segmentation map that is subsequently used for tracking.  

 In the stage of object acquisition, a set of frames is used to coarsely detect 

objects, which might be over-segmented, and a filtering process is adopted to 

remove/merge objects to finalize the segmentation map under certain 

constrains.  

 In the stage of object tracking, the main task is to deal with object occlusion, 

object aging (moving out of the scene), and object detection (moving into the 

scene). This stage would require sophisticated procedures for computing 

moving trajectories and maintaining object shape. 

The incorporation of object tracking would significantly benefit frame prediction 

applications. Particularly, object occlusion information will lead to better visual quality of 

synthesized frames.  
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7.1.3. Adaptive Video Jitter Buffer Design 

The challenges here arise from the need to support a wide variety of video 

communication systems with various characteristics and capabilities, such as various 

video coding standards, communication protocols, network conditions, and so on. An 

important challenge involves designing a video decoding system with adaptive video 

rendering delay, frame rate, and frame resolution, and developing high-quality frame 

prediction techniques.  

The evaluation of frame prediction in Chapter 6.1 assumed a constant delay 

reduction, which is not suitable for real life applications as network conditions change 

constantly. The performance of a video communication system is mainly determined by 

packet loss and network jitter, thus the key challenge is to maintain high video quality at 

low end-to-end delay. Predictive decoding can be ideally used here by adopting adaptive 

prediction depth, and renders high quality video with a much reduced delay. Further 

application of predictive decoding can be extended to whole frame concealment, which 

deals with cases that a frame gets lost during communication or arrive late. With 

combination of techniques developed for frame interpolation and resizing, the future 

research goal is to achieve better vide communication experience within one-to-one 

video chat or multi-party video conferencing framework. 

7.1.4. Conclusion 

In conclusion, in our future work we plan to explore techniques for improving 

decoder-side segmentation performance, and design practical video rendering systems 

that operate jointly with the jitter buffer. The main thrust of our research will involve 

accurate motion modeling and segmentation, motivated by real applications, to offer 

overall better video quality and video object interaction performance. 

We expect to develop schemes for content-based video applications that are 

cost-effective, taking into account the state of technology, the network characteristics, 

and the needs of realistic applications. We also expect to develop a system architecture 

and design a video rendering system that is adaptive to network conditions. The design 

will be specific to industry needs, such as support for low-bandwidth low-delay 

communication. 
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