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Abstract 

Block-based Motion Estimation and Compensation (ME/MC) is a popular inter­

frame coding technique and is used in video compression systems, e.g. the MPEG video 

coding standard, to exploit similarities between adjacent frames in typical video 

sequences. It provides additional compression and also improves fidelity of decoded 

video in low bit-rate applications. In a typical application, the frame being coded is parti­

tioned into fixed sizes blocks and only motion information of these blocks, with respect to 

a reference frame, is coded. Search range is a parameter that directly controls the accu­

racy of estimated motion information and the computational effort required for motion 

estimation. Exhaustive ME using larger search range results in greater accuracy at the 

expense of greater computation. Although exhaustive ME is very accurate, it is also very 

demanding in terms of computation. 

Efficient algorithms, collectively referred to as Block Matching Algorithms 

(BMAs), have been proposed as alternatives to exhaustive ME to provide computation­

ally efficient ME. BMAs use efficient search algorithms to obtain motion information 

and require substantially less computation. A comprehensive evaluation of a select num­

ber of such BMAs is present in this thesis. The BMAs selected for evaluation are repre­

sentative of the general approaches used in designing such algorithms and are evaluated 

based on their estimation accuracy and computational efficiency. The evaluation is per­

formed using two real video sequences that contain motion present in typical video 

sequences. The evaluation results indicate that BMAs are effective only for ME involv­

ing small motion displacements. 

A predictive motion search method, the Adaptive Search Window Method 

(ASWM), is proposed to overcome this limitation. This method dynamically controls the 

location and search range for ME for individual blocks based on motion information of 

surrounding blocks. If correlation is detected in surrounding motion information, a pre­

diction is made for the corresponding block and ME is performed around the predicted 

block using a reduced search range. The reduction in the search range results in accurate 

ME using BMAs or, alternatively, in less computation for exhaustive ME. The applica-
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tion of BMAs incorporating ASWM for ME is evaluated and a significant improvement 

in estimation accuracy, compared to application of BMAs without ASWM, is observed 

for ME involving larger motion displacements. Two BMAs incorporating ASWM are 

also implemented in a software video coder and compression gains over respectiv,e 

BMAs without ASWM are demonstrated. 
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Chapter 1 

Digital Video Background 

1.1 Introduction 

The old adage -"a picture is worth more than a thousand words"- inarguably 

embodies the overwhelming preference, by humans, for visual information. Visual infor­

mation forms a vital part of human cognition and the use of images greatly enhances the 

process of communicating ideas. As a result, visual communication systems such as tele­

vision/video/computers are increasingly being used for a wide variety of purposes. This 

increasing use of visual information in a growing spectrum of applications keeps perpetu­

ating the need to build more efficient and economical visual communication systems. A 

fundamental requirement for developing such systems is the need for efficient image stor­

age and transmission techniques. 

Interest in efficient image transmission and storage techniques has steadily grown 

since the first successful laboratory demonstrations for television broadcast in the early 

1920s. However, it wasn't until the last three decades that significant improvements were 

achieved. These achievements are attributed to two major factors: the discovery and 

refinement of new image coding methods, and the advent of relatively inexpensive, com­

pact, high-speed, solid-state signal processing circuitry [37]. The related growth in capac­

ity of digital storage mediums and digital transmission links has also spawned an interest 

in high quality digital image storage and transmission techniques. 

Digital data representations provide a high degree of reconstruction and integra­

tion. They are resilient to distortion induced by noise present in practical transmission 

channels and, therefore, particularly suited for long distance transmission. Even in the 

presence of moderately high noise, digital data can be reconstructed exactly repeatedly 

over short distances and remain immune to dispersive channels. Also, an important long 
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term advantage of using digital representations is the fact that all signals, i.e. voice, tele­

vision, fascismile and computer data become a stream of similar looking pulses and, as a 

consequence, not only relieve the need to engineer separate transmission channels for 

respective signals [38], but also provide a high degree of integration between these sig­

nals. 

Transmission and storage of images in their digital form, however, is extremely 

demanding on digital mediums because of the immense amount of data bits required to 

represent these images. This is particularly true for digital video which requires an 

incredibly large number of bits for representation and, in many cases, this requirement 

surpasses the capacity of digital mediums. Efficient image cod.ing1 techniques are there­

fore essential to overcome limitations imposed by such mediums and also vital for 

designing economical digital visual communication systems. Implementing real-time dig­

ital video systems presents an extraordinary challenge to designers since, in addition to 

achieving high processing speeds associated with video systems, extremely efficient cod­

ing methods are required to provide a high level of compression without degrading 

decoded video fidelity. 

This chapter introduces relevant concepts and terminology pertaining to digital 

images and provides a general background on digital video compression. Since digital 

video compression schemes generally extend upon still image compression schemes, a 

background on still image compression techniques and related performance measures are 

presented first. Finally, the motivation for the work undertaken, and an outline of the the­

sis is presented. 

1.2 Digital Image Representation 

Digital images are images that have been discretized both in spatial co-ordinates 

and in brightness [36], and are acquired from analog scenes by sampling in space and 

quantizing in brightness levels. The sampling step size is generally chosen to be small 

1. The tenns coding or encoding are also commonly used in electronic communication texts and literature to 
imply error-control coding which increases the number of bits to represent data. In this thesis presentation, 
however, the tenns coding, encoding and compression are used interchangeably to imp I y the act of reducing 
the number of bits to represent associated data. 
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enough to rely on the integration abilities of the human eye while brightness levels are 

restricted to discrete values that can be recorded in digital form. In its canonical form, a 

digital image can be viewed as a matrix whose row and column indices determine a sam­

pled point, or picture element, whose value in turn indicates its respective brightness 

level. Picture elements are also referred to in abbreviated terms as pixels or pels. An 8-bit 

512x512 image, for instance, can be viewed as being composed of 512 rows and 512 col­

umns of 8-bit values representing 256 unique brightness levels. 

To represent color in images, a number of different color models have been pro­

posed. Three hardware-oriented color models are RGB, used with color CRT monitors, 

YIQ, the broadcast TV color system, and CMY (cyan, magenta, yellow) for some color 

printing devices [39]. Each pixel of a color image displayed on CRT terminals is com­

posed a red component, R(i,j), a green component, G(i,j), and a blue component, B(i,j). 

Similarly, color images in the YIQ color space are composed of a luminance component 

(Y) and two chrominance components, I and Q. The YIQ color space is used for broad­

cast television to provide compatibility between color and black/white television receiv­

ers. On black/white television sets, only the luminance Y component is displayed, while 

on color television sets, the additional IQ components are decoded to provide color infor­

mation. The forward and inverse transformations from RGB space to the corresponding 

YIQ space are represented by the matrix operations of Eq.(1.1) and Eq.( 1.2) respectively 

[35]. 

[

0.299 0.587 O. l 14j [R (i,j)] 
0.596 - 0.274 - 0.322 G (i,j) 
0.212 - 0.523 0.31 1 B (i,j) 

[

R (i_,~)] = [1.000 0.956 0.621] [y (~,~)] 
G ( l ,J) 1.000 - 0.272 -0.647 / (1 ,1) 

B (i,j) 1.000 - 1.106 1.703 Q (i,j) 

(1.2) 

A slight variation of the YIQ color model is the YCbCr color model which is used 

for image compression and will be discussed later. 

Digital color images using any of these models can be represented with three matri­

ces, each recording the level of individual spectral components. Digital video in its 

canonical representation is composed of a sequence of digital images each representing 
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individual frames of the video. 

The immense number of bits associated with such canonical representations of digi­

tal images and video are very demanding on both transmission and storage resources. 

Consider, for example, the digital representation of a single 8-bit monochrome image of 

resolution 512x512 pixels. Such an image requires about 2xl06 bits of information in its 

canonical form. A color image of the same resolution requires three times this amount of 

bits. The situation is further compounded with digital video where a 30 minute color 

video sequence, displaying 30 such images every second, requires an astronomical 

amount of about 3x 1011 bits for canonical representation. Thus, for both economical rea­

sons and to overcome restrains of digital media, more efficient representations of digital 

images and digital video are desired. This need has spawned a number of sophisticated 

compression schemes that attempt to minimize the amount of bits required to represent 

digital images and video. 

1.3 Image Compression Background 

The foundations of signal compression date back to work done by Shannon (1), in the 

area of information theory, where he proposed a mathematical means of measuring infor­

mation content or entropy of a data source. This information measure, acquired by appro­

priately modeling the data source, determined a minimum bound for compressing data 

sequences generated by the source without information loss, and provides an insight into 

the amount of statistical redundancy present in the source. The development of Rate Dis­

tortion Theory [34] extended Shannon 's work by investigating information content of 

data sources subject to distortions as measured by specific distortion measures. Classical 

source coding techniques, developed around these information theory concepts, achieve 

compression by removing statistical redundancy present in data sources. Two such popu­

lar methods, huffman coding [2] and arithmetic coding [3], result in compression that 

comes arbitrarily close to Shannon's minimum bound for long data sequences. However, 

a fundamental disadvantage of classical source coding techniques is the need for suitable 

source models. In the case of digital audio and video, such models are difficult to obtain 

since the corresponding signals are generally non-gaussian, non-stationary and have an 

intractable power spectrum [10]. Nevertheless, Shannon's work and Rate Distortion The-



5 

ory has provided a valuable basis for compression techniques applicable to speech, digi­

tal audio and digital video which, in essence, attempt to remove any form of redundancy 

present in corresponding data. 

Natural image scenes inherently possess significantly high levels of Spatial, Spec­

tral and Temporal redundancies. Spatial Redundancy is present in the form of high corre­

lation between neighboring pixels, Spectral Redundancy exists as high correlation 

between spectral components, e.g. RGB components in color images, while considerable 

Temporal Redundancy is present in the form of high inter-frame correlation between 

neighboring frames in a video sequence. Image coding techniques achieve compression 

by removing these redundancies. 

The first generation of image coding techniques relied heavily on information the­

ory concepts and produced compression ratios at most of 10: 1. These techniques have 

been classified into three categories: Spatial, Transform, and Hybrid methods [ 4]. Spatial 

image coding methods directly code spatial information and include techniques such as 

Pulse Code Modulation (PCM), Bit-plane coding and predictive methods such as Differ­

ential-PCM (DPCM) and Delta Modulation. Transform Image coding techniques, on the 

other hand, transform spatial information into a less correlated set of transform coeffi­

cients using suitable transforms and subsequently code the coefficients. Transform coded 

images are decoded using corresponding inverse-transforms. Hybrid coding incorporates 

both spatial coding (usually predictive techniques) and transform coding and thereby 

combine the advantages of these two approaches. 

Second generation image coding methods exploit limitations of the Human Visual 

System (HVS) to remove 'visually redundant' information and consequently achieve sig­

nificantly higher compression. Since for the most part, the end viewer in many visual 

communication systems is human, the loss of this information has no perceptual impact 

on the decoded image quality. Preliminary models of the HVS have been proposed and 

applied in recent coding schemes but research still continues in determining more accu­

rate models of the HVS for designing optimal perceptual coders. A common component 

of second generation image coding schemes is the use of perceptually weighted quantiza­

tion which exploits the fact that the HVS is less sensitive to loss of high spatial fre­

quency components. These components are coarsely quantized for additional 

compression. More sophisticated techniques that decompose images into a number of 

spatial frequency bands to provide greater control for coding have also been proposed. 
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These techniques, which include Laplacian Pyramid ccx:ling [8], Sub-band ccx:ling [6]-[7] 

and Wavelet Coding [9], are constantly being refined for economic feasibility. 

Lossy image compression techniques, implying loss of information, based on HVS 

responses provide an attractive means for building economical and efficient visual com-

munication systems. In fact, the proposed 1S01 standards for still image compression, 

JPEG [13], and digital video compression, MPEG [14], utilize lossy image compression 

techniques to achieve both high compression and high image fidelity. These standards 

also provide designers with the option of compromising between image fidelity and 

amount of compression. However, it should be pointed out that a small class of applica­

tions particularly in the field of medical imaging still require, for both diagnostic and 

legal reasons, absolutely lossless compression schemes2. 

1.4 Image Compression Performance 

In general, the dimensions of performance of signal compression schemes, as pre­

sented in (10], include signal quality, bit-rate, coding complexity and ccx:ling delay. The 

large range of applications that utilize compression generally place different emphasis on 

these performance measures. In the case of image compression schemes, these perfor­

mance measures refer to: 

Image Quality - This is a subjective measure. Generally, the decoded image fidelity 

is viewed from a certain distance, under certain lighting conditions, and ranked on a 

scale of 1 to 10 or from EXCELLENT to UNACCEPTABLE. 

Transmis.sion/Bit Rate - This term is analogous to the term bandwidth as used in 

analog transmission links. The maximum transmission rate/throughput of digital links/ 

storage media, measured in bits per second (bps), places a fundamental limit on how 

quickly digital data can be correctly transmitted/retrieved. Another term of interest for 

still image compression is bits per pixels (bpp). This measure corresponds directly to the 

average number of bits used for each pixel in the coded image, thus providing an esti-

l. International Organization for Standardization. 
2. Dr. P.D. Fisher, Department of Health Information Science, University of Victoria; I 994; personal com­
munication. 
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mate of compression achieved. 

Coding Complexity - This corresponds to the computational effort used by the 

coder/decoder to process corresponding data and is generally measured by arithmetic and 

memory requirements. Coding schemes are usually classified based on this measure as 

being either symmetric or asymmetric. Symmetric coding schemes incorporate equal 

complexity in both the coder and decoder and are suited for systems that incorporate 

equal number for coders and decoders. Asymmetric schemes, on the other hand, incorpo­

rate more complexity in either the coder (or decoder) and are suited for systems that uti­

lize more decoders than coders (or vice versa) such as video broadcast systems or image 

databases. 

Communication Delay - Communication delay or coding delay is closely linked 

with coding complexity and measures corresponding processing delays. This measure is 

important for real-time two-way communication schemes such as video conferencing or 

videotelephony systems. It is of particular importance in transport of video over net­

works [11]. 

1.5 Digital Video Compression Background 

Digital video coding methods can be classified as either Intra-Frame or Inter-Frame 

coding methods. Intra-frame compression techniques do not attempt to remove temporal 

redundancy, and code each frame in the sequence as an individual image. Although, intra­

frame techniques do not achieve high compression, the independence of neighboring 

frames in the coded bit stream makes random accessibility and editing of individual 

frames much easier. Inter-frame compression techniques, on the other hand, remove tem­

poral redundancy and consequently achieve significantly higher compression. Inter frame 

video coding techniques generally extends upon still image compression in that, still 

image compression techniques are still used to remove both spatial and spectral redun­

dancy, while sophisticated inter-frame coding techniques are used to remove temporal 

redundancy. Inter-frame coding techniques are essential for applications that demand both 

high compression and high video fidelity. 

Three general approaches that have been applied for interframe coding include 3-D 

transform coding, Hybrid coding and Frame replenishment [37]. 3-D transform coding 
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extends upon 2-D transform coding used for still image compression and computes an 

addition 1-D transform in the temporal direction. Provided there is high temporal correla­

tion in the data, 3-D transform coding produces high compression but at the cost of being 

computational more intensive and requiring storage of a number of frames, equal to the 

dimension of the temporal transform, both at the coder and decoder. This storage of extra 

frames is generally wasteful in practical systems. Hybrid transform/predictive coders 

incorporate, in addition to 2-D transform for spatial information, a predictive scheme for 

temporal data. Frame replenishment techniques, on the other hand, attempt to reduce tem­

poral redundancy by coding and transmitting, with varying resolution, only changing 

parts between consecutive frames (37]. The parts of the frame that do not change are 

reconstructed from the previous frame. This approach is well suited for video telephony 

which involves stationary cameras and typically small areas of motion in front of a larger 

still background. However, for television broadcast programs, which generally contain 

substantial amount of motion, such a simple approach is not adequate. 

When scenes contain objects moving more or less in translation, more redundancy 

exists than is taken advantage of by frame replenishment (37]. Sophisticated techniques, 

collectively referred to as Motion Estimation and Motion Compensation (ME/MC) tech­

niques, that estimate and compensate for motion of objects within image sequences have 

been investigated and applied to remove this motion redundancy for additional compres­

sion. Two general approaches that have been applied for ME/MC include pel-recursive 

ME/MC and block based ME/MC (28]. Pel-recursive ME/MC operates with individual 

pels while block based ME/MC operates with image blocks. Although pel-recursive ME/ 

MC uses a more realistic model, it is computationally intensive and works well only with 

sequences containing small amount of motion. Block based ME/MC, on the other hand, 

although based on a very simple motion model, has gained greater application as a result 

of its computational and implementation simplicity. 

It has been demonstrated that ME/MC not only provides additional compression 

but also improves decoded video fidelity and is applied extensively in video coding tech­

niques designed for low-bit rate applications (15]. Also, economical real-time digital 

video systems demand compression ratios that are achievable only with inter frame cod­

ing techniques, and ME/MC is becoming an increasingly important part of inter-frame 

coding methods A comprehensive evaluation of Block-Based ME/MC, which forms an 

essential part of emerging video coding standards, is the focus of the work under taken 

for this thesis. 
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1.6 Outline of Thesis 

The work undertaken in this thesis is directed at Block Based Motion Estimation 

and Compensation. Motion Estimation and Compensation is an important inter-frame 

coding technique that provides addition video compression without degrading decoded 

image quality. It forms an integral part in many proposed video coding algorithms [16]­

(19] and the use of Block-based ME/MC is predominant in these schemes. Accurate ME/ 

MC, however, is computationally expensive. To alleviate much of the computational load 

for Motion Estimation, a number of efficient Block Matching Algorithms (BMAs) have 

been proposed [23]-(29]. These algorithms substantially reduce the computational com­

plexity of block-based ME/MC. A comprehensive evaluation of BMAs for use in emerg­

ing video coding standards is essential as such an evaluation will prove invaluable to 

designers who wish to implement emerging video coding standards on general purpose 

computers or DSP chips which provide limited computational performance. Moreover, 

such an evaluation will also provide a stepping stone for developing more efficient BMAs 

This thesis addresses this issue and undertakes a comprehensive evaluation of a 

number of existing Block Matching Algorithms. In addition, a predictive ME technique 

is proposed that, when incorporated for ME, substantially improves the performance of 

BMAs. 

The thesis presentation is divided into 5 chapters: 

In Chapter 2, an overview of the MPEG-1 video coding standard, an ISO video cod­

ing standard for multimedia applications at 1.15Mb/s, is presented. The two essential 

components of the algorithm, Block OCT image coding and Block Based Motion Estima­

tion and Compensation, are introduced. The application of Block Based ME/MC in the 

MPEG algorithm to reduce temporal redundancy is discussed in detail and the need for 

efficient ME/MC reemphasized. 

In Chapter 3, a select number of representative Block Matching Algorithms 

(BMAs) for efficient ME are evaluated. The algorithms are introduced and the evaluation 

criteria used to measure their performance are discussed. A series of simulation tests are 

performed using two video sequences as benchmarks. These two sequences are chosen 

because they represent cases of motion that appears in many video sequences. The 

results of these tests are presented and discussed. 

In Chapter 4, a robust predictive ME technique, the Adaptive Search Window 



Method (ASWM), is proposed. This technique can be incorporated with BMAs to sub­

stantially improves their accuracy. Simulation tests presented in Chapter 3 are repeated 

for BMAs incorporating the ASWM and corresponding results presented. In addition, two 

robust BMAs incorporating the ASWM are implemented in a software MPEG coder and 

corresponding compression gains over respective BMAs not incorporating ASWM 

reported. 

Finally, Chapter 5 concludes the thesis by summarizing important results of the 

work undertaken. 



Chapter 2 

MPEG: An Emerging Video Coding 

Standard 

2.1 Introduction 
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A concerted effort is being made to standardize video compression techniques so as 

to contain the proliferation of incompatible coders and decoders. Also, standardization of 

video coding to allow inter-operability between coders and decoders from different man­

ufacturers will trigger large scale manufacturing of standard VLSI components and sig­

nificantly reduce the cost of building these coders and decoders. Such a trend is clearly 

evident in the spectacular growth of the fax industry after standardization of the Group 3 

fascismile compression algorithm by CCITT [14]. The International Standards Organiza­

tion (ISO) has already produced the MPEG-1 standard, named after the expert group that 

initiated the effort-Moving Pictures Expert Group, for coding video signals at 1.5 Mb/s 

and associated audio at 64, 128 and 192 kb/s [20]. MPEG activities are now being 

directed towards completing the MPEG II standard for coding of higher resolution video 

and associated audio. This second standard, MPEG II, has already been accepted by The 

HDTV Grand Alliance for broadcasting of HDTV in the U.S. [21]. 

Both of these video coding standards, MPEG I and MPEG II, rely on the Discrete 

Cosine Transform (DCT) to reduce spatial redundancy and block-based Motion Estima­

tion and Motion Compensation (ME/MC) to reduce temporal redundancy. Transform 

properties of DCT have been favored extensively for compressing digitized continuous 

tone still images, and it (OCT) forms the basis for the ISO standard proposed by the Joint 

Pictures Expert Group (JPEG) for coding such images [13]. Block-based ME/MC is pre­

ferred to reduce temporal redundancy because of its implementation and computational 
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simplicity. Interframe coding removes temporal redundancy present in video sequences 

to allow for greater compression and block-based ME/MC forms an integral component 

of the interframe coding technique used in these standards. 

This chapter provides an overview of the MPEG I video coding standard and intro­

duces the two essential components of this coding standard: Block-based DCT image 

coding and Block-based ME/MC. The application of block-based ME/MC to exploit tem­

poral redundancy is discussed in detail. Initially, however, digital video coding targets 

and design issues addressed by the MPEG committee in developing the MPEG-1 algo­

rithm are presented. 

2.2 Digital Video Compression Targets 

The astronomically high transmission rate associated with canonical digital video 

representation pose an extraordinary challenge for designing digital video systems. Even 

with the promise of larger bandwidths of optical links, there is still an essential need for 

efficient digital video compression techniques because of the continued and, in fact grow­

ing, use of band-limited media such as satellite links and bit-rate limited storage media 

such as CD-ROMs and solid-state memory [10]. This vital need for efficient and robust 

video coding techniques is underlined in the following sub-sections which compare trans­

mission rates of some un-compressed standard digital video formats with limitations of 

existing communication links. 

2.2.1 Video Rates 

Table.(2.1) presents sampling rates of the luminance components of four recom­

mended video transmission formats: Quarter-CIF, CIF1, CCIR-6012 and one of the pro­

posed formats for HDTV3. The respective resolutions are presented in pels and number of 

1. Common Intennediate Fonnat: proposed for easier conversion with existing video formats 

2. A fonnat for digital coding of color television signal recommended by the International Consultative 
Committee for Broadcasting. 

3. High Definition Television 
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frames/second. 

Sampling Rates 
Format Resolution (MHz) 

QCIF 180xl44@ 15hz 0.4 
ClF 360x288 @ 30hz 3 
CCIR 601 720x576@ 30hz 12 
HDTV 1280x720@ 60hz 60 

Table 2.1. Bit rates for some visual communication formats [10] 

For un-compressed video, the sampling rates correspond directly to transmission 

rates, where an N-bit pixel representation requires a transmission bit rate of (N x Sam­

pling Rate) bps. Color versions of corresponding video formats require three times the 

sampling rates presented in Table (2.1 ). 

2.2.2 Media Limitations 

The essential need for video compression is underscored in Table.(2.2) which com­

pares bit-rates of available digital medias with un-compressed transmission rates of appli­

cable video formats. 

Channel Channel Un-Compressed 
Type Bandwidth Digital Video Format transmission rate 

Telephone 48-112kb/s QCIF -3 Mb/s 

(Monochrome) 

N-ISDN 64-382kb/s CIF (color) -74 Mb/s 

CD-ROM 1.5 Mb/s CCIR (color) -298Mb/s 
Media 

NTSC Channel 20Mb/s HDTV (color) -1.3 Gb/s 
(6Mhz) 

Table 2.2. Bit-rates of digital media and corresponding un-compressed digital video 
transmission rates 

As evident from Table (2.2), extremely high compression is required to match trans­

mission rates with limitations of corresponding digital media. Also, if digital transmission 

is to replace analog transmission, the minimum visual quality of decoded video should at 

least match or surpass the fidelity of the analog counterpart with similar bandwidth limi­

tations. Thus, robust digital video coding schemes that achieve high compression without 

compromising decoded image fidelity are essential for digital video systems. One such 
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technique, MPEG-I, proposed by the MPEG committee as an ISO standard for coding 

video and associated audio at l.5Mb/s is discussed here. 

2.3 MPEG-1 Video Coding Standard Targets 

The MPEG-I video standard was developed in consideration of the large range of 

applications. High quality video compression is essential for applications ranging from 

Multimedia, Video databases, Movies-on-demand to video telephony, but these applica­

tions impose disparate requirements on the coding process. For instance, while symmet­

ric coding is preferable for video telephony, asymmetric coding works better for video 

database systems where much of the coding complexity can be placed in the encoder. 

Also, the need for random access of frames, from the coded bitstream, in some applica­

tions limits inter frame dependency, thereby limiting the amount of compression possi­

ble. Coding/decoding delay requirements in other applications, such as video 

conferencing, place severe restrictions on coding/decoding complexity. These and other 

important considerations addressed in developing the MPEG-I coding algorithms, dis­

cussed in greater detail in [14], are listed here: 

• Random Access of particular frames 

• Fast Forward.Reverse Searches 

• Reverse Playback 

• AudioNisual Synchronization 

• Robustness to Errors 

• Coding/Decoding Delay 

• Edit-ability 

• Format Flexibility 

• Cost Tradeoff 

In consideration of these restrictions, the MPEG group proposed the MPEG-I stan­

dard for coding of moving pictures and associated audio for digital storage media at up 

to about 1.5Mb/s [20). This standard incorporates extensive flexibility, allowing applica­

tions to appropriately configure coding parameters and streamline the coding process to 

satisfy requirements. 
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2.4 Overview of MPEG-1 Standard 

The MPEG video compression algorithm processes input video in YCbCr represen­

tation where each frame is represented by one luminance component (Y) containing 

brightness information and two sub-sampled chrominance components (Cb, Cr) contain­

ing color information. This color space is similar to, but not the same as, the YIQ color 

space used for broadcast television. The YCbCr color plane exhibits low cross-correlation 

between its spectral components and possesses less spectral redundancy, and it is for this 

reason that YCbCr color space is preferred in image compression schemes. Also, in 

YCbCr color space, most of the image energy is concentrated in the luminance Y compo­

nent. This representation complements the human visual system (HVS) which is more 

sensitive to variations in the luminance component than in the chrominance components. 

Thus, during compression, the perceived image quality can be maintained by coding the 

Y-component more accurately while compressing both chrominance components to a 

high degree. This property of the HVS is exploited by the MPEG standard. The MPEG 

syntax requires the input video signal to be digitized and represented in YCbCr color 

space with both chrominance signals, Cb and Cr, subsampled with respect to the lumi­

nance signal by a ratio of 2: 1 in both vertical and horizontal directions (20]. 

MPEG operates on individual frames by partitioning them into fixed sized 8x8 pel 

blocks. These blocks are grouped into Macroblocks, which in tum are grouped into 

Slices as illustrated in Fig.(2.1). Each macroblock is composed of four luminance blocks 

and two sub-sampled chrominance blocks and forms the basic unit of the MPEG syntax. 

Each slice contains an integral number of macroblocks ordered in a raster scan manner. 

The minimum number of slices in a frame is one, the maximum number is equal to the 

number of macroblocks in the frame. Slices are coded independently from each other and 

limit propagation of decoding error during decoding. The macroblocks in the frame are 

processed in a left-right and top-bottom raster scan manner. 
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Figure 2.1 Frame representation in terms of Slices, Macroblocks and Blocks 
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Compression is achieved by first performing block-based ME/MC for the macrob­

locks to reduce temporal redundancy and then applying Block Discrete Cosine Trans­

form (DCT) and entropy coding on the resulting data to reduce spatial redundancy as 

illustrated in Fig.(2.2). Motion estimation is performed only on the Y-component of the 

frame, assuming that motion in the Cb and Cr components is the same. The DCT coding 

steps used in MPEG are similar to those used in JPEG, the still image compression stan­

dard. 

Input ___. 
Video 

❖ 
YCbCr 
Color Space 

Motion Compensated 
Prediction Errors 

-.Coded 
Bitstream 

Figure 2.2 An oversimplified block diagram of the MPEG-I coder 
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The following sections present in detail the major components of the MPEG algo­

rithm. The Block-based DCT image coder is presented first, followed by a detailed intro­

duction to Block-based ME/MC and its use in the MPEG standard. In conclusion, more 

complete block diagrams of a MPEG coder and decoder are presented and the need for 

efficient motion estimation discussed. 

2.5 Block-DCT based Image Coder 

In general, an image coder compresses an image in three interrelated steps as illus­

trated by Fig.(2.3). The transformation step transforms, or maps, the input data into a 

more suitable domain for compression. The quantization step rounds the resulting infor­

mation into a finite set of output levels. The last step, codeword assignment, assigns a 

codeword to each of these quantized levels. Input to the coder may be the image itself, 

individual spectral components of the image (e.g. RGB or YCbCr components), or fre­

quency sub-bands of an image obtained via filter bank analysis. In the case of MPEG, 

motion-compensated prediction errors generated by ME/MC are input to the image 

coder. A brief description of each of these steps is included in the presentation of Block­

based DCT coding as used in MPEG. 

IMAGE CODER 

INPUT CODED OUTPUT 

Figure 2.3 General structure of an image coder 

2.5.1 Block DCT Transformation 

DCT image coding is a member of the general class of transform coding techniques. 

Transform coding techniques removes redundancy in input data by transforming it into a 

less correlated set of transform coefficients that are then quantized and coded. The most 
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commonly used transformations in image coding applications are linear transformations 

implemented with fast algorithms for computational efficiency. The Karhunen-Loeve 

transform (KLT) is the best linear transform in the sense that it leads to un-correlated 

coefficients but has proved unsuited for practical applications because of its computa­

tional complexity [4]. Other fast transforms that have been investigated for image coding 

include Walsh-Haadmard Transform, Discrete Fourier Transform and Slant transform 

and are discussed in [40). DCT has two significant advantages over these transforms. It 

needs fewer coefficients for a good approximation of a signal and efficient DCT imple­

mentations are available. These superior properties have made DCT the transform of 

choice for image compression. Its performance in de-correlating input data approaches 

that of the KLT and it has been selected as the basis of ISO standards for still Image com­

pression (JPEG) and video compression (MPEG-I). 

In the MPEG algorithm, the DCT is implemented to transform the input image 

block by block. The image is first partitioned into fixed size blocks of 8x8 pels, as illus­

trated in Fig(2.4), and each block is then transformed using the 2-D Forward DCT of 

Eq.(2.1). The corresponding Inverse OCT is presented in Eq.(2.2). 

8x8 pels 

DCT .. 
DCT -1 

(a) Partitioned Image (b) Transformed Image 

Figure 2.4 Block transformation of an image using 2-D DCT 
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F(u,v) = ic(u)C(v) I I f(x,y)cos(1t<
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x
1
;l)u)cos(1t<2~;l)v) (2.1) 

x = Oy = 0 
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x = Oy = 0 
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and 

C(u), C(v) = 1/sqrt(2) 

C(u), C(v) = 1 

foru,v=O 

otherwise 
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(2.2) 

The Block DCT transfonns each 8x8 block of pixel values from the original image 

into an 8x8 block of transform coefficient. Once a block has been transfonned, the 

respective transfonn coefficients are quantized appropriately. 

2.5.2 Quantization 

Transfonn coefficients obtained from the transfonnation stage are assigned a finite 

number of quantization or reconstruction levels. For instance, an 8-bit representation of 

output values generated by the transfonner/mapper provides a finite set of 256 recon­

struction levels, which can be distributed unifonnly or non-unifonnly over the dynamic 

range of these values. Optimum distribution of these reconstruction values can be deter­

mined by either minimizing the quantization error, i.e. difference between the actual and 

corresponding quantized value, or perceptually weighted to suit the HVS characteristics. 

Quantization of individual values independently is referred to as scalar quantization, 

while quantization of entire sub-blocks of data is referred to as vector quantization. 

According to Shannon's rate-distortion theory, a better performance is always achievable 

in theory by coding vectors instead of scalars, even if the data is memoryless [5]. For vec­

tor quantization, however, a codebook is required to record reconstruction levels for 

coded blocks and this codebook must be available at the decoder for decoding. 

The MPEG algorithm uses 8-bit scalar quantization and allows users to specify 

appropriate quantization levels for individual transfonn coefficients. The respective quan­

tization level for each coefficient in the 8x8 block of transform coefficient is specified 

with a 8x8 quantization matrix for that block. To exploit the HVS for additional compres­

sion, transform coefficients corresponding to low spatial frequencies are finely quantized 

while transform coefficients corresponding to high spatial frequencies are coarsely quan­

tized. 

2.5.3 Code-word assignment 

Following the quantization process, efficient codewords are assigned to each quan-
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tized output to minimize any statistical redundancy that may be present in the data. This 

step is often referred to as source coding and the assigned codewords are generally of 

variable length. Variable Length Codes (VLC) assign codewords whose lengths are deter­

mined by the occurrence probability of each respective symbol and are more efficient 

since the average number of bits required for coding comes arbitrarily close to the source 

entropy. 

The MPEG algorithm first converts the block of quantized transform coefficients 

into a long string of data using a zig-zag scanning pattern as illustrated in Fig.(2.5). This 

string of quantized values is then coded using Run-Length coding which results in signifi­

cant compression since the quantized DCT coefficients in the lower right portion of the 

block generally turn out to be zeros and the zig-zag scanning results in long continuous 

strings of zeros. Finally, Huffman coding is applied to the resulting data to reduce any 

statistical redundancy in the final coded bit stream. 

•oo• """ ' "'' ,,.,., "'"Y"' " ' ' ' " • •••• 

DCT 
.... ..... ..... ...... ·····t····· ......... . .. .. 
......... ........... ·····t····· ......... . DCT "1 

Block in Spatial Domain Block in Transform domain 

Figure 2.5 Zig-Zag scanning of DCT coefficients 

2.6 Block Based Motion Estimation and Compensation 

A significant amount of additional compression can be achieved for video 

sequences by coding individual frames based on information available from neighboring 

frames as they exhibit a high degree of similarity. One popular technique extensively 

used in interframe coding methods to exploits this similarity is block-based ME/MC. The 

basic idea of block based ME/MC is to code motion information of fixed size blocks1 in 
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the frame being coded with respect to a nearby reference frame. This reference frame can 

either be a previous frame, resulting in forward prediction, or a future frame, resulting in 

backward prediction, and the respective reference frame has to be present at the decoder 

during decoding. In addition, bidirectional prediction is also possible, in which case a 

frame is coded using two reference frames, one in the future and one in the past. Only 

motion information that allows a frame to be reconstructed from its respective refer­

ence(s) frame is coded, and for sequences with moderate to high amount of motion, this 

results in a high level of compression. 

Fig.(2.6) illustrates a typical forward motion compensation implementation where 

the current frame (frame 6) is coded based on the information in the corresponding refer­

ence frame (frame 3). The current frame is first partitioned into fixed size image blocks 

and if motion is detected for a block, motion estimation (ME) is performed to find a cor­

responding matching block in the reference frame. In the case of MPEG, only the Y lumi­

nance component is used in motion estimation. Fig.(2.7) illustrates an example showing 

blocks in the current frame and corresponding matching blocks in the reference frame. 

The translational difference between a block and its match is termed as the Motion Vec­

tor (MV). 

Forward-Motion Compensation 

I t 

0 1 2 3 4 5 6 

-c::: 

~ 
() 

Time ► 

Figure 2.6 A typical forward motion compensation implementation for video sequence 
with frame #3 as the reference frame 

1. While the MPEG standard defines a block lO be 8x8 pels, this tenn, when used in the context of motion 
estimation, refers lO blocks of any size. 
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Figure 2.7 Partitioned blocks in current frame with corresponding matching blocks in 
reference frame 

The process of computing motion vectors for blocks, motion estimation, is illus­

trated in Fig.(2.8). A search area is first setup around the respective block's position in the 

reference frame and then, using a suitable matching criterion, the closest matching block 

is located. In general, the Mean Absolute Difference (MAD) between the two blocks, 

one in the current frame and the other in the reference frame, is preferred as a matching 

criterion. Although other matching criterion, for example Mean Square Error (MSE) and 

Cross-correlation, have been used, MAD provides equivalent performance at reduced 

computational complexity since it does not involve multiplications or divisions[25]. For 

two NxN pixel blocks, sk and sk-l• displaced by <dx,dy>, the MAD is computed as 

l (N-1) (N-1) 

MAD(dx,dy) = 2 I I lsk(x,y) - sk - t (x+dx,y+dy) I (2.3) 
N X = O y = O 
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An exhaustive or full search of the search area locates the motion vector. An 

exhaustive search at full pixel accuracy implies that every block located at an integer pel 

position in the search area is compared with the block to be matched. Motion Estimation 

is also performed at sub-pixel accuracy where blocks located between integer pel posi­

tions are also compared. Such blocks are interpolated from surrounding blocks at integer 

pel positions. 

Since Eq.(2.3) is computed every time any two blocks are compared, one can 

immediately senses the enormous amount of computation required for ME. Moreover, 

computational complexity of full searches increases quadratically with respect to the 

search area which is chosen in regard to motion displacement anticipated between the ref­

erence frame and the frame being coded. The choice of the reference frame is determined 

by the level of inter-frame dependence required. Video coding algorithms such as MPEG-

1 that incorporate frame interpolation techniques tend to use distant frame as opposed to 

immediate neighboring frames for reference.The further the reference frame is from the 

frame being coded, the larger the search area becomes. 

Once the motion vector for a particular block has been computed, motion compen­

sation is achieved by coding only the motion vector and corresponding prediction error 

terms i.e. residual difference between the block and its corresponding match. Still image 

compression techniques are generally applied to code the resulting prediction error while 

corresponding motion information is differentially coded to take advantage of correlation 
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between neighboring motion vectors. The motion infonnation, thus, becomes part of the 

coded infonnation. 

2.6.1 Forward Prediction Example 

An illustrative forward prediction example using frames from a real video 

sequence is presented here. A forward prediction is performed for frame #2 in Fig.(2.10) 

using the previous frame, frame #1 in Fig.(2.9), as the reference frame. Fig.(2.11) shows 

the difference between the two frames without ME/MC. An exhaustive search with a 

search range of 16 pels around the original block and Mean Absolute Difference (MAD) 

as the matching criterion is used for ME. The size of the frames is 352x240 pels and are 

partitioned into 16x16 pel blocks for ME/MC. Fig.(2.12) and Fig.(2.13) show the predic­

tion errors and corresponding motion vectors respectively. In a coding application, to 

code frame #2, only the prediction error and corresponding motion vectors would be 

coded. This information is enough to reconstruct frame #2 from frame #1 at the decoder. 

Figure 2.9 Frame #1 from the "flower-bed" video sequence 
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Figure 2.10 Frame #2 from "flower-bed' sequence 

Figure 2.11 Differential error between frame #1 and frame #2. 



Figure 2.12 Motion compensated prediction error between frame#l and frame #2. 

Figure 2.13 Motion Vectors for 16x 16 pel blocks in frame #2 computed using 
exhaustive search 
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It is clear from Fig.(2.11) and Fig.(2.12) that motion compensated prediction error 

contains mainly high frequency changes between the two frames as compared to the sim­

ple frame difference. The fact that the human eye is less sensitive to high-frequency com-
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ponents can be exploited by using coarse quantization for the motion compensated 

prediction error to achieve greater compression without sacrificing the visual quality of 

reconstructed data. Blocks that cannot be predicted efficiently from reference frames are 

coded as Intra-blocks, i.e. no ME/MC is performed. For image sequences with moderate 

to high motion, accurate ME/MC provides substantial coding gains without visually 

degrading the coded data [23] . 

Backward prediction is exactly the same as forward prediction, the only difference 

being that a future reference frame is used as reference. For instance, in this case, frame 

#2 could be used as the reference frame for backward prediction of frame # 1. 

In the case of bidirectional prediction, two reference frames, one in the future and 

one in the past, are used for prediction. A forward prediction is performed using the pre­

vious reference frame and backward prediction is performed using the future reference 

frame. This results in two sets of motion vectors and the coder decides, for each individ­

ual block, which motion vectors to use for better prediction. Thus, bidirectional predic­

tion requires twice the computation of either forward or backward prediction. 

2.7 Temporal Compression in MPEG-1 

The MPEG-1 and MPEG-II coding standards utilize Block-Based ME/MC to 

remove temporal redundancy. To achieve both high compression, possible only with 

inter-frame coding, and random accessibility of coded frames, best satisfied with intra­

frame coding, the MPEG-1 standard for video compression recognizes three different 

types of frames: Intra-frames (1), Predicted-frames(P) and Interpolated frames (B - Bidi­

rectional Predicted frames). The I-frames are coded as still images and provide points for 

random accessibility. The P-frames are coded using forward-motion compensation with 

immediate previous I or P-frames as reference frames. The B-frames, on the other hand, 

are coded using bi-directional ME/MC with immediate surrounding I or P frames as ref­

erence frames, i.e. using both forward- and backward-motion compensation from a previ­

ous and a future frame respectively. ME is performed using macroblocks (16x16pels) 

over the luminance component of input video. The motion activity in the chrominance 

components is assumed to correspond directly with that in the luminance component of 

the video. 
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In a typical MPEG implementation, the input video is grouped into Group Of Pic­

tures (GOP) as illustrated in Fig.(2.14). The user has the choice of selecting the ordering 

and type of frames within a GOP. Experimental results indicate that the use of B-frames 

provide the greatest amount of compression[20]. 

Forward-Motion Compensation 
Time .. 

I B B p B B p B 

Bidirectional-Motion Compensation 

Figure 2.14 Types for frames specified by MPEG syntax 

Every macroblock in I-frames is of type Intra, while macroblocks of types Intra and 

Forward-predicted make up P-frames. The B-Frames are composed of macroblocks of 

type Intra, Forward-predicted, Backward-predicted and Average. The Average macrob­

lock uses the average of a forward and backward predicted macroblock as a prediction for 

the particular macroblock. Thus, motion information consists of one motion vector for 

forward-predicted and backward-predicted macroblocks, and two motion vectors for bi­

directionally predicted macroblocks. After ME/MC, resulting motion vectors are coded 

differentially while corresponding prediction errors are coded as still images using the 

OCT-block based image coder presented in Sec.(2.5). Simulations indicate that ME/MC 

produces good result for reference frames which are at most 1/10 seconds away from the 

frame being coded [14). 

The use of future frames as references in bi-directionally predicted B-frames neces­

sitates the need to re-order frames within the coded sequence for efficient decoding and to 
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reduce de-cooing delays. As an example, consider a thirteen frame sequence composed 

of frames Oto 12 and a user specified GOP of IBBPBBPBBPBBI. Each frame is respec­

tively coded as IoB1B2P3B4B5P6B7B8P9B10B11I12 , where the subscripts refer to the cor-

responding frame position in the sequence, and transmitted or stored in the following 

order: JoP3B1B2P6B4B5P9B7B8I12B10B11. Thus, both reference frames for correspond-

ing B-frames are decoded before respective B-frames are decooed. 

2.8 MPEG Coder and Decoder Implementation 

The MPEG-1 standard specifies only the semantics and syntax of the MPEG bit­

stream and the signal processing in the decooer [20], and does not specify an encooing 

process. Thus, encooer implementations have the option to trade-off cost and speed 

against picture quality and cooing efficiency. The main functional blocks of a typical 

MPEG cooer and decooer implementation are shown in Fig.(2.15) and Fig.(2.16) respec­

tively. 

The frames are first re-ordered for prediction as is necessary for bidirectional pre­

diction. Motion estimation is performed for each macroblock and the corresponding 

mooe and motion vector(s) cooed. The mooe indicates the type of macroblock, i.e. Intra, 

Forward Predicted, Backward predicted or Average. The motion compensated error is 

then computed using the matching block from the reference frame that has been decooed 

and held in the Frame Store/Predictor block at the bottom of the Fig.(2.15). The decoo­

ing of the reference frame in the cooer ensures that the reference frame used for predic­

tion is identical to that available at the decooer. The motion compensated error, motion 

vectors and corresponding mooes are then multiplexed and sent to the buffer. Since the 

resulting cooed bitstream prior to buffering is of variable bit rate, as a result of Variable 

Length Cooing, the buffer can be used to provide a constant bitrate at the output. Con­

stant bitrates are desirable in transmission applications. 

The decooing of the cooed bitstream is simple and essentially reverses the cooing 

procedure. 
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2.9 The Need for Efficient Motion Estimation 

Extensive use of ME/?-AC in the MPEG-I algorithm, outlined in this chapter, and 

other proposed video coding algorithms [I 6]-[19] has generated an interest in efficient 

motion estimation techniques. Real-time motion estimation using fuII-searches at video 

rates demands exceedingly high computation capability, achievable only with dedicated 

hardware. Hardware solutions such as [ 17] incorporate multiple processing units and are 

costly to implement. Also, these hardware solutions provide ME over limited search 

ranges. 

An alternative approach for efficient ME estimation is to considerably reduce the 

number of search points considered during ME. Efficient search algorithms can be used 

instead of full searches to search the search area for matching blocks. A number of such 

search algorithms, collectively referred to as Block Matching Algorithms (BMAs), have 

been proposed and are the focus of this thesis. With the advent of powerful DSP chips, 

such as the MVP from Texas Instruments [22] and similar for other manufacturers, 

BMAs make it feasible to implement ME on such DSP chips and thereby reducing, con­

siderably, the cost of building coders. 

A comprehensive evaluation of the these BMAs in comparison to corresponding 

exhaustive searches, which provide the most accurate ME, is essential since motion esti­

mation and compensation is effective only when it is accurate. Such an evaluation is pre­

sented in the next chapter which introduces some robust BMAs and evaluates them for 

use in motion estimation. 



Chapter 3 

Evaluation of some Block Matching 
Algorithms for Motion Estimation 

3.1 Introduction 
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Motion estimation and compensation forms an integral part of coders that utilize 

inter-frame coding techniques to compress digital video. For image sequences with mod­

erate to high motion, the use of motion estimation and motion compensation (ME/MC) 

provides substantial coding gains over simple frame difference coding [37]. From the 

two general classes of ME algorithms, pel-recursive and block matching algorithms 

(BMAs), the latter have gained greater popularity as a result of their computational and 

implementation simplicity. Emerging video coding standards such as CCITT recommen­

dation for low-bit coding at pX64 kb/s [15] and the ISO standard for multimedia applica­

tions at l.5Mb/s [20], both based on block-transform coding techniques, incorporate 

block-based motion estimation and compensation to reduce temporal redundancy. 

Motion estimation, however, is computationally intensive and forms a bottle neck in 

the video-coder's throughput. Exhaustive searches to locate matching blocks in reference 

frames require an immense amount of computation. For real time performance at video 

rates, dedicated hardware with multiple processing units, as presented in [ 17], is 

required. To overcome this otherwise extensive computational load, efficient search algo­

rithms, collectively referred to as Block Matching Algorithms (BMAs), have been pro­

posed that attempt to provide efficient ME at a reduced computational load. Although 

BMAs generally provide sub-optimal results with respect to corresponding exhaustive 

searches, they are nonetheless essential for implementing ME/MC on general purpose 

computers or DSP chips. Efficient BMAs have been reviewed in current literature [23] 
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[29], however, substantive evaluation of their perfonnance in tenns of estimation accu­

racy, especially for frame prediction using distant reference frames and larger search 

ranges, has not been presented. Such an evaluation is invaluable for selecting between 

these BMAs for ME in implementation of emerging video coding standards. 

In this chapter, a representative selection of such robust search algorithms are eval­

uated and corresponding results presented. The evaluation is targeted at the use of BMAs 

with the MPEG I and other related video coding standards. Simulation tests are devised to 

investigate and characterize the performance of each BMA in terms of estimation accu­

racy and computational complexity over different prediction settings using two video 

sequences as benchmarks. These two sequences are chosen because they represent cases 

of motion that appears in many video sequences. The particular algorithms tested 

include: Three Step Search [24], 2-D Logarithmic Search [23), One Time Search [25], 

Orthogonal Step Search [27], Cross Search [26] and Modified Three Step Search [29]. A 

brief description of each BMA is presented and the evaluation criterion applied are dis­

cussed. The simulation tests are also presented and corresponding results discussed. 

Finally, the performance of respective search algorithms are compared. 

3.2 Block Matching Algorithms 

Block matching algorithms use efficient search algorithms to locate matching 

blocks in reference frames and provide computationally efficient alternatives to exhaus­

tive searches for motion estimation. The following subsections provide an overview of 

BMAs selected for evaluation. These algorithms are representative of the general 

approaches used in BMAs and include Three Step Search (TSS), 2-D Logarithmic 

Search (TDL), One Time Search (OTS), Orthogonal Step Search (OSS), Cross Search 

Algorithm (CSA)and Modified Three Step Search (MTSS). In presenting these algo­

rithms, the following symbols are used repeatedly: 

w = Search Range around current macroblock; This parameter determines 
the corresponding search area for ME 

d = Step Size; This parameter controls the progression of respective search 
algorithms towards a match 

The top-left corner of a macroblock is used to denote its position. In Fig.(3.1), the 
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search area for the macroblock is illustrated. The macroblock at location (io,fo) in the cur­

rent frame is compared with macroblocks in the shaded area in the reference frame. 

Search Area for 

top-left corner 

of Macroblock 

2w+l 
<]--------[> 

f 
I 
I 
I 
I 
I ______ .J 

Search Area fo . 
Reference Frame . . 

Figure 3.1 Search Area for macroblocks 

3.2.12D Logarithmic (TDL) 

·.,, w 

Jain and Jain proposed the 2D logarithmic algorithm in 1981 and used Mean 

Square Error (MSE) as the matching criterion [23]. The following steps describe the 

implementation of a TDL search algorithm with Mean Absolute Difference (MAD), see 

Eq.(2.3), as the matching criterion: 

1. Initialize Search: Initial Point (i=io, j=j0), d=do, Search Range = w 

2. Compute MAD at five surrounding points (i, j), (i±d, j), (i, j±d) and select 
(imin, jmin) from the five points for which MAD is lowest. 

3. If (imin• jmin) is the centre point or at the boundary of the search area, 
reduce d: d=d-1. Set new initial point (i=imin, j=jmm). 

4. if d=O stop search, otherwise go to Step 2. 

Fig.(3.2) shows the progression of the TDL search algorithm, initiated with (i0j 0) 

at the origin, clo=2, and w=6 pels, as it converges to a possible motion vector (5,6). The 
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motion vector corresponds to the translational difference between the original macrob­

lock and its match which, in this case, is located 5 pels to the right and 6 pels on top of 

the original macroblock position. This motion vector is obtained after 6 iterations. 
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o Search Point 

• Search Point with min MAD for 
Corresponding Iteration. 

1,2,3 ,... Search Iteration 

j_ 
Single Pel Distance 

T 
Figure 3.2 2-D Logarithmic Search Algorithm 

3.2.2 Three Step Search (TSS) 

Koga proposed the Three Step Search algorithm (24] at about the same time as 

Jain and Jain proposed their algorithm. The original proposal, incorporated in a video 

coder, used MAD as the matching criterion. TSS implementation steps are outlined 

below: 

1. Initialize Search: Initial Point (i=io, j=fo), d=3, Search Range= 6. 

2. Compute MAD at nine surrounding points (i, j), (i±d , j), (i, j ±d ), (i±d, 
j±d) and select (imin,jmin) from the nine points for which MAD is lowest. 

3. Reduce d: d=d-1. Set new initial point (i=imin, j=jmin)-

4. if d=O stop search, otherwise go to Step 2 

The original TSS algorithm, presented in the preceding steps, was implemented for 

search range of 6 pels with the best match being located after three such steps; hence the 
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name Three Step Search. Fig.(3.3) shows a possible converging path of the TSS algo­

rithm. 
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Figure 3.3 Three-Step Search Algorithm 

A slightly different version of the above algorithm, the Modified Three Step Search 

(MTSS) [29), has also been proposed. It differs from the TSS in the way it reduces the 

step size between consecutive searches and works with arbitrary search ranges. MTSS 

implementation follows directly form the TSS implementation except that, the search is 

initiated with search range=w, do=w/2 and, in Step 3, dis reduced by half. i.e. d=d/2. 

3.2.3 One Time Search (OTS) 

The OneTime Search algorithm was proposed by Srinivas and Rao in 1985 as part 

of the Conjugate Direction Search Algorithm [25]. OTS first seeks a minimum in the hor­

izontal direction and then follows to seek a minimum in the vertical direction. The imple­

mentation steps are outlined here: 

1. Initialize Horizontal Search: Initial Point (i=io, j=fo), d= 1, Search Range = 
w. 

2. Compute MAD at (i, j), (i+d, j), (i-d, j) and select (imin,jmin) for which 
MAD is lowest. 



3. Set (i=imin• j=jmin)- If (imin,jmin) was not the center point, go to Step 2. 

4. Compute MAD at (i, j), (i, j+d), (i, j-d) and select (imin,jmin) for which 
MAD is lowest. 

s. Set (i=imm, j=jmm)- If (imin, jmin) was not the center point, go to Step 4 oth­
erwise terminate search. 

3.2.4 Orthogonal Step Search (OSS) 
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The Orthogonal Step Search [27) algorithm was proposed by Puri, Hang and Schill­

ing in 1987. Its implementation is outlined in the following steps: 

1. Initialize Search: Initial Point (i=io, j=fo), Search Range= w, d=w/2. 

2. Horizontal Step. Compute MAD at (i, j), (i+d, j), (i-d, j) and select 
(imin,jmin) for which MAD is lowest. Set (i=imm, j=jmm). 

3. Vertical Step. Compute MAD at (i, j), (i, j+d), (i, j-d) and select (imin,jmin) 
for which MAD is lowest. Set (i=imin• j=jmin). 

4. If d> 1 reduce d: d=d/2 and go to Step 2 otherwise stop search. 

Fig.(3.4) shows the progression of OSS search, initiated with (i0,j0) at the origin and 

w=6, as it terminates at the search point (5,6). 
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3.2.S Cross Search Algorithm (CSA) 

The Cross Search Algorithm [26] was proposed by Ghanbari in 1990. The CSA is 

similar to the MTSS algorithms except that it progresses by searching only diagonal 

search points. Its implementation is outlined here: 

1. Initialize Search: Initial Point (i=i0,j=fo), Search Range= w, d=w/2. 

2. Compute MAD at five surrounding points (i, j), (i+d, j±d d), (i-d, j±d d) 
and select (imin,jmin) for which MAD is lowest. Set (i=imin, j=jmin). 

3. if d=l go to Step 4 otherwise reduced: d=d/2 and go to Step 2. 

4. if (iminjmin) in Step 2 was either (i, j), (i-1,j-1) or (i+ 1 j+ 1) then go to Step 
6. 

5. (m=inun, n=jmin); Search points (m, n), (m-1, n),(m+l, n), (m, n-1) and (m, 
n+ 1) and select minimum. 

6. (m=imin• n=jmin); Search points (m, n), (m-l,n-1), (m-1,n+l), (m+l,n-1) 
and (m+l,n+l) and select minimum. 

Fig.(3.5) shows the progression of CSA search initiated with w=6. 
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3.2.6 Discussion 

Block Matching Algorithms provide a substantial computational saving over 

exhaustive searches. As an example, consider a search range of 8 pels around a macrob­

lock for motion estimation: an exhaustive search requires 289 block matches while the 

Three Step Search BMA requires only 27 block matches to locate a corresponding 

match. A computational saving of an order of magnitude. Such computational savings 

are even greater when larger search ranges are involved .. BMAs have different computa­

tional complexities and some require a larger amount iterations than others to locate a 

final match. The number of these intermediate iterations are either fixed, i.e. independent 

of the intermediate search results, or variable and dependent on intermediate searches. 

Table (3.1) outlines the worst case computation complexity of these algorithms. 

Max. No. of Search 
Algorithm Points Intermediate Iterations 

Exhaustive Search (2w + 1)2 No Iterations 

2.0 Logarithmic 2+7log2w Variable 

'Three Step Search 1 + 8 log2w Fixed 

One Step Search 3+2w Variable 

Cross Search 5 +4 log2w Fixed 

Orthogonal Search I +4 log2w Fixed 

Table 3.1. Maximum number of Search Points checked by respective BMAs for Search 
range=w (adapted from [26)) 

As mentioned earlier, BMAs are not as accurate as exhaustive searches. The search 

algorithms used by BMAs are typically iterative in nature and assume the MAD between 

macroblocks to increase monotonically as the search moves away from the match [28]. 

This assumption, which is not always true, directly results in their sub optimal perfor­

mance. Also, some BMAs converge quickly on local minimas while others are not able 

to reach every point within the search area. Inaccurate ME results in poor compression 

performance and causes motion artifacts in decoded video. In selecting between these 

BMAs for ME implementation, a comprehensive evaluation to determine their accuracy 

and computational complexity is vital. Such an evaluation is presented here. The criteria 

used in evaluating respective BMAs are discussed in the next section, after which, simu­

lation tests and corresponding results are presented. 
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3.3 Evaluation Criteria 

The objective of the simulations was to determine how well each search algorithm 

performed for different ME/MC prediction settings. This performance was measured 

using the following criteria: estimation accuracy and computational complexity. 

Estimation accuracy measures the accuracy of matches located. It was measured by 

computing the first order entropy of prediction errors generated after ME/MC (see 

Sec.(2.6.1)). Lower entropy indicates accurate matches and results in higher compres­

sion. The first order entropy (H) of errors values, each with probability of occurrence Pi, 

is given by 

N 

H = - L pi [Log 2 (p) ] (3.1) 
i = 1 

where N bounds all possible error values. The histogram of prediction errors is 

used to estimate Pi· As evident from the histogram in Fig.(2.12), the binning of these pre-

diction errors results in an inverse Laplacian distribution with the peak centered at zero. 

Since 8-bit values are used to represent the Y-frame, the prediction errors can range in 

value from -255 to +255. However, for the simulations, only a prediction error range of -

127 to 128 was considered as it is more than sufficient, thus, making N=256. 

Computational complexity, on the other hand, determines the level of computational 

effort required to undertake the search. It was measured by recording the number of 

block matches required for corresponding frame predictions and is presented in terms of 

Number of Block Matches/frame. Computationally efficient and accurate motion estima­

tion is highly desired. 

The simulation tests used to evaluate respective BMAs are presented after the fol­

lowing section which describes the two test video sequences used in these simulations. 

3.4 Test Video Sequences 

All BMAs were tested over two 352x240 pel resolution, 30 frames/sec, video 

sequences: "flower bed" and "tennis". Appendix I includes every fifth frame from these 

sequences. The "flower bed" sequence is essentially a view from a moving camera as it 
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passes a flower bed with a house in the background and a tree in the foreground. It con­

tains a substantial amount of horizontal panning which constitutes large amounts of hori­

zontal motion at different scales within the sequence. The "tennis" sequence records a 

table tennis playoff that contains very little motion for the first 20 frames, while the rest 

of the sequence contains large amount of motion as a result of fast zooming and panning 

of the camera. Both these sequences provide a representative amount of motion present 

in video scenes and are well suited for testing Motion Estimation Algorithms. 

3.5 Simulation Tests 

Two simulation tests were designed for the evaluation of the following: 

1. The influence of search range on the estimation accuracy of respective 
BMAs 

2. Estimation accuracy and corresponding computational complexity of 
respective BMAs for frame prediction over real video sequences 

Only forward prediction is considered since the direction of frame prediction does 

not influence the performance of BMAs. Also, block size of 16x 16 pels is always used for 

ME/MC and corresponds to the size of the macroblock in the MPEG standard. ME is per­

formed at full pixel accuracy. 

To take into account practical video coding algorithms, the simulation tests con­

sider two different frame prediction settings. 

• ~n = 1 : This setting predicts frames at (n) from frames at (n-1). 

• ~n = 3 : This setting predicts frames at (n) from frames at (n-3). 

The latter simulates frame predictions involving distant reference frames as is the 

case in predicting P frames in a MPEG system configured to code frames in the sequence 

IBBPBBPBBPBBPBBI... where P frames are predicted from immediate previous I or P 

frames using forward prediction. The two simulation tests are presented here in greater 

detail: 

TEST 1 : This test measures the influence of search range on the estimation accu­

racy of respective BMAs. A singe frame is considered for forward prediction from each 

of the two test sequences and forward prediction is performed for ~n=l and ~n=3. The 

forward prediction is repeated using different search ranges for ME and corresponding 



estimation accuracy of respective BMAs recorded. 

• For the "tennis" sequence with 6n=l, frame 30 is used as the reference 
frame to predict frame 31, and with ~ =3, frame 30 is used as the reference 
frames to predict frame 33. The search range for the 6n= 1 prediction set­
ting extends from 4 pels to 16 pels while the search range for the ~=3 pre­
diction setting extends from 4 pels to 32 pels. 

• For the "flower bed" sequence with 6n=l, frame 1 is used as the reference 
frame to predict frame 2, and with 6n=3, frame 1 is used as the reference 
frame to predict frame 4. Again, the search range for the 6n=l prediction 
setting extends from 4 pels to 16 pels while the search range for the ~=3 
prediction setting extends from 4 pels to 32 pels. 
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TEST 2 : This test measures the estimation accuracy and corresponding computa­

tional complexity of respective BMAs for forward prediction over real video sequences. 

The following parameters settings are used for the frame predictions 1: 

Setting Block Size (pels) Search Range (pels) 

6n=l 16x16 8 

6n=3 16x16 16 

Table 3.2. Motion Estimation Settings for Frame Prediction 

• For the "tennis" sequence, forward prediction is performed at full-pixel 
accuracy over the first 60 frames for both ~=1 and 6n=3. 

• For the "flower bed" sequence, forward prediction is performed at full­
pixel accuracy over the first 30 frames for both 6n= 1 and 6n=3. 

In the case of 6n= 1 prediction setting, frame 2 is predicted from frame 1, frame 3 is 

predicted from frame 2, frame 4 is predicted from frame 3 and so on. In the case of 6n=3 

prediction setting, frame 4 is predicted from frame 1, frame 5 is predicted from frame 2, 

frame 6 is predicted from frame 3 and so on. The estimation accuracy and corresponding 

computational complexity of every frame prediction is recorded for respective BMAs. 

The computational complexity is measured by recording the number of block matches 

performed for respective frame predictions. 

l. For the TSS algorithm, a fixed search range of w=6 pels is always used for ME as defined in the original 
proposal of [24). 
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These simulation tests were performed for all BMAs and the results are summarized 

in the following sections. Estimation accuracy of corresponding exhaustive searches pro­

vides the benchmark for comparing the estimation accuracy of respective BMAs. The fol­

lowing legend is used in the figures presenting the results of these simulations: 

0 "exh_" Exhaustive Search 

--t--- " tss_" Three Step Search 

-8--· "ots_" One Time Search 

--~----·· "tdl_" 2D Logarithmic Search 

-GJr..-- "oss_" Orthogonal Step Search 

-~-- "csa_" Cross Search Algorithm 

-4--· "mtss_" Modified Three Step Search 

-+--- "nom_" No Motion Estimation and Compensation 

It should be noted that the TSS algorithm always performs ME over a fixed search 

range of 6 pels and is included here to make the following performance comparison more 

complete. 

3.6 Results for Prediction Setting of ~n=l 

This sections presents the results for the prediction setting of ~n=l i.e. frames at 

(n) are predicted from frames at (n-1 ). The results for the "tennis" sequence are pre­

sented first, followed by results for the "flower bed" sequence. Also, for the purpose of 

comparing computational gains of respective BMAs, it should be noted that an exhaustive 

search for the corresponding search range, w=8 pels as presented in Table(3.2), requires 

84480 block matches/frame. 

3.6.1 Results for "Tennis" Sequence (~n=l) 

The results for the two simulation tests: TEST 1 and TEST 2 for the "tennis" 

sequence are respectively presented in Figs.(3.6)-(3.8). For TEST 2, which measured esti­

mation accuracy, results for the first 20 frames are omitted as all BMAs exhibited the 

same estimation accuracy and did not provide any coding gain over simple frame differ­

ences (i.e. no ME/MC). This is due to the fact that there is very little motion in the first 20 
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frames. 
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Figure 3.6 TEST 1 : Estimation accuracy v/s Search Range for "tennis" sequence with 
frame 31 predicted from frame 30. 
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Figure 3.7 TEST 2: Estimation accuracy for "tennis" sequence over frames 20-60 with 
Reference Frames at (n-1) and Search Range=8 pels. 
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Reference Frames at (n-1) and Search Range=8. 

3.6.2 Results for "Flower Bed" Sequence (.dn=l) 
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The results for the two simulation tests: TEST 1 and TEST 2 for the "flower bed" 

sequence are respectively presented in Figs.(3.9)-(3.11). 
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Figure 3.9 TEST 1 : Estimation accuracy v/s Search Range for "flower bed" sequence 
with frame 2 predicted from frame 1. 
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Figure 3.10 TEST 2: Estimation accuracy for "flower bed" sequence over frames 1-30 
with Reference Frames at (n-1) and Search Range=8 pels. 
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Figure 3.11 TEST 2 : Number of Block Matches/Frame for "flower bed" sequence with 
Reference Frames at (n-1) and Search Range=8. 

3.6.3 General Discussion 

An important observation related to results from TEST 1, see Figs.(3.6) and (3.9), 

is that the estimation accuracy of respective BMA accuracy does not necessarily increase 

for larger search ranges. For the "tennis" sequence, which mainly contains zooming 

motion, the estimation accuracy of the MTSS, CSA, and OSS algorithms actually 

decreases for larger search ranges. For the "flower bed" sequence, which mainly contains 

horizontal panning, the estimation accuracy of these BMAs is optimal for the search 

range of 8 pels and any increase of decrease in this range results in lower estimation 

accuracy. A common aspect of these algorithms, MTSS, CSA and OSS, is that the initial 

step size d (see Sec.(3.2)) is computed based on the search range. For larger search 

ranges, this step size (d) gets large and consequently results in poor accuracy. 

From simulation results of TEST 2 measuring estimation accuracy, see Figs.(3.7) 

and (3.10), it is evident that the estimation accuracy of BMAs differs, relative to each 

other, over the two sequences. For the "flower bed" sequences, all BMAs with the excep­

tion of the CSA provide equivalent estimation accuracy. However, for the "tennis" 



48 

sequence, the difference in their estimation accuracy is more evident. The discrepancy in 

the estimation accuracy of the CSA over the "flower bed" sequence, with respect to other 

BMA, can be attributed to the fact that the CSA search progresses using diagonally dis­

placed search points and subsequently cannot estimate horizontal displacement well. It is 

more suited to estimate diagonal motion or zooming scenes than horizontal or vertical 

motion. 

From simulation results of TEST 2 measuring computational complexity, see 

Figs.(3.8) and (3.11), the computational efficiency of all BMAs over the exhaustive 

search is clear with the OTS algorithm being the most efficient. Also, from Fig.(3.8), it is 

evident the computational complexity of both the TDL and OTS algorithms is related 

directly to the amount of motion present in the sequence. In the "tennis" sequence, as the 

camera quickly zooms out at around frame 20, there is a jump in the number of block 

matches performed by these two algorithms while the other algorithms maintain a con­

stant computational load throughout the sequence. 

3. 7 Results for Prediction Setting of ~n=3 

This sections presents the results for the prediction setting of &1=3, i.e. frames at 

(n) are predicted from frames at (n-3). Once again, the results for the "tennis" sequence 

are presented first, followed by results for the "flower bed" sequence. Also, for the pur­

pose of comparing computational gains of respective BMAs, it should be noted that an 

exhaustive search for the corresponding search range, w=16 as presented in Table(3.2), 

requires 337920 block matches/frame. 

3. 7.1 Results for "Tennis" Sequence (~n=3) 

The results for the two simulation tests: TEST 1 and TEST 2 for the "tennis" 

sequence are respectively presented in Figs.(3.12)-(3.14). Again, estimation accuracy 

results for the first 20 frames for this sequences are omitted for the same reason as in 

Sec.(3.6.1). 
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Figure 3.12 TEST 1 : Estimation accuracy v/s Search Range for "tennis" sequence with 
frame 33 predicted from frame 30. 
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Figure 3.13 TEST 2 : Estimation accuracy for "tennis" sequence over frames 20-60 
with Reference Frames at (n-3) and Search Range=16 pels. 
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Figure 3.14 TEST 2 : Number of Block Matches/Frame for "tennis" sequence with 
Reference Frames at (n-3) and Search Range=16. 

3.7.2 Results for "Flower Bed" Sequence (dn=3) 
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The results for the two simulation tests: TEST 1 and TEST 2 for the "flower bed" 

sequence are respectively presented in Figs.(3.15)-(3.17). 
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Figure 3.15 IBST 1 : Estimation accuracy v/s Search Range for "flower bed" sequence 
with frame 4 predicted from frame 1. 
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Figure 3.16 IBST 2 : Estimation accuracy for "flower bed" sequence over frames 1-30 
with Reference Frames at (n-3) and Search Range=16 pels. 
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Figure 3.17 TEST 2: Number of Block Matches/Frame for "flower bed" sequence with 
Reference Frames at (n-3) and Search Range=16. 

3.7.3 General Discussion 

From these results for prediction setting of L\n=3, similar observations are made as 

those for prediction setting of ~ =1. Again, estimation accuracy of BMAs does not 

increase with larger search ranges and their performance, with respect to each other, is 

related to the type of motion present in the test sequences. The computational savings of 

BMA over corresponding exhaustive search is even more significant in this case. 

However, for this prediction setting, ~=3, the estimation accuracy of all BMAs 

over both test sequences is significantly lower than that of corresponding exhaustive 

searches. This is evident from Figs.(3.13)and (3.16). 

3.8 Conclusions 

Although none of the BMAs match the estimation accuracy of corresponding 

exhaustive searches, the computational savings, as measured by Number of Block 

Matches/frame, is significant. For the search range of 8 pels, the computational saving 

are almost 10-fold while for the larger search range of 16 pels, the savings are over 30-
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fold for the worst BMA. Such computational savings make ME using BMAs attractive 

for DSP implementations. Other more specific observations are presented here. 

An important observation made from the simulation results is that the estimation 

accuracy of BMAs, with respect to corresponding exhaustive searches, does not improve 

with increased search ranges. For BMAs that initialize their initial step size according to 

the search range, such as OSS, CSA and MTSS algorithms, their estimation accuracy is 

optimum at a certain search range and any increase or decrease in this range results in 

degradation in estimation accuracy. For BMAs that always use a fixed initial step size, 

such as OTS and TDL algorithms, their estimation accuracy levels off after a certain 

search range and any further increase in the search range does not improve their accu­

racy. For larger search ranges, the estimation accuracy of all BMAs becomes signifi­

cantly poorer as compared to that of corresponding exhaustive searches 

Also, it is evident from the simulation results that the estimation accuracy of respec­

tive BMAs is related to both the distance of the reference frame from the frame being 

predicted and the type of motion present in the video sequence. The distance of the refer­

ence frame directly determines the suitable search range for ME, which for distant refer­

ence frames is larger to ensure accurate motion estimation. This has a direct influence in 

the performance of respective BMAs. For instance, the One Time Search algorithm, 

which has the lowest computational complexity, performs well for ME involving small 

motion displacements (in the case of immediate reference frames), but is not suited for 

ME involving larger motion displacements (in the case of distant reference frames). 

Another factor determining the performance of respective BMAs is the type of motion 

present in the sequence. This is clear from the estimation accuracy recorded for CSA. It 

results in exceptionally poor estimation accuracy, as compared to other BMAs, over a 

sequence which contains horizontal panning. For a similar prediction setting over a video 

sequence containing zooming, the estimation accuracy of CSA is comparable to other 

BMAs, thus, indicating that CSA is unsuited for ME involving panning motion. 

In general, for frame prediction involving distant reference frames, the estimation 

accuracy of all BMAs is more discrepant from corresponding exhaustive searches. This 

is attributed to the poor accuracy of BMAs for ME involving large search ranges. It can 

therefore be concluded that BMAs are not as well suited for ME involving large motion 

displacements, as is the case in the use of distant reference frames, as they are for ME 

involving smaller motion displacements in the case for using immediate reference frames. 
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The evaluation of BMAs presented in Chapter 3 clearly indicates that BMAs are 

only effective for ME involving smaller motion displacements. They do not provide the 

estimation accuracy of corresponding exhaustive searches and, moreover, their estima­

tion accuracy does not improve with larger search ranges. These sub-optimal results are a 

direct result of the assumption, applied in all BMAs, that the Mean Absolute Difference 

between blocks increases monotonically as the search moves away from the match. This 

assumption, although valid around the vicinity of the match, does not hold true for larger 

search ranges. The computational savings achieved with BMAs, however, still make them 

attractive for efficient ME implementation. 

A predictive motion search technique, the Adaptive Search Window Method 

(ASWM), that can be incorporated with BMAs to provide computationally efficient and 

accurate ME involving larger motion displacements is presented in this chapter. This 

technique dynamically controls the location and corresponding search range for ME for 

individual blocks in the frame. For each block, a prediction of the general location of the 

match is made based on motion information of surrounding blocks, and if a good predic­

tion is possible, ME is performed around the predicted block using a smaller search 

range. ME can be performed using any BMA or even an exhaustive search. The reduc­

tion in the search range ensures accurate ME using BMAs and less computation in the 

case of exhaustive searches. ASWM also provides integration with video coding stan­

dards while keeping the overhead computation and memory requirements minimal. Previ-
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ous work done on predictive motion estimation is presented in [30]-[31]. These proposed 

predictive techniques, however, are not adaptive and thus lead to satisfactory results only 

for scenes involving large homogeneous motion such as camera panning as reported in 

[30]. The ASWM works for both zooming and panning motion scenes. 

In this chapter, the detailed implementation of ASWM is presented and correspond­

ing simulation results for ASWM incorporating respective BMAs are reported. The simu­

lation tests conducted are exactly the same as those presented in Chapter 3 and only 

simulation results for the prediction setting of ~n=3, which expounded the poor BMA 

performance for ME involving large search ranges, are reported. A substantial enhance­

ment in estimation accuracy is achieved with the ASWM using BMAs over tradition 

application of respective BMAs as presented in Chapter 3 for ME. In addition, two 

robust BMAs incorporating ASWM are implemented for ME in a MPEG-1 coder and cor­

responding coding gains over independent BMAs reported. It is evident from these results 

that substantial improvement in terms of estimation accuracy is achieved for all BMA 

after incorporating this predictive search technique. 

4.2 Predictive Motion Search 

As mentioned earlier, the assumption that the matching error increases monotoni­

cally as the search algorithms moves away for the match holds true only within close 

vicinity of the match. This is clearly evident in Fig.(4.1) which displays the inverse of 

MAD error over a search range of 16 pels centered around a block. The location of the 

best match coincides with the sharp peak. 

To locate the match in this case, it is essential to initiate the search algorithm within 

close vicinity of the peak since the error surface is highly non-linear with many local 

minimas (small peaks) on which BMAs would likely converge. 
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Thus, a scheme that can use BMAs for ME over a smaller search range, in close 

vicinity of corresponding matches, can be used effectively to provide computationally 

efficient and accurate ME involving large motion displacements. To accomplish such a 

task, however, the scheme has to provide good predictions of the possible matches for 

corresponding macroblocks beforehand. It is generally assumed that motion information 

of neighboring blocks is correlated and can be used to provide suitable predictions. Pre­

liminary ideas for such predictions have been presented in the literature [30]-[31] and are 

outlined in the following subsection. The limitations of the techniques presented in [30]­

(31] will be discussed and a new technique will be proposed to overcome these limita­

tions. 

4.2.1 Previous Work 

The two approaches that have been investigated for predicting appropriate search 

area for ME include inter-frame and inter-block predictive methods (30]-[31]. The Inter­

frame predictive method proposed in [31] uses motion vector information from previ­

ously coded frames to compute initial predictions for corresponding blocks in the current 

frame. Since this prediction technique requires motion vector information of previous 
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frames, it imposes significant overhead for storage facilities, thus, making it unsuitable 

for use in practical video coder implementations. The Inter-block predictive method pro­

posed in [30], on the other hand, uses motion vector information of neighboring blocks 

as predictions. Since both the predictive technique proposed in this chapter and the inter­

block predictive method proposed in [30) exploit correlation present in motion informa­

tion of neighboring blocks, it is appropriate to present the inter-block prediction 

approach of [30) in some detail for comparison. 

The method proposed in [30] first groups neighboring macroblocks into super­

blocks, e.g. 4 macroblocks can be grouped to form a superblock, and then performs accu­

rate ME on the first macroblock, in every superblock, using an exhaustive search and a 

large search range. The computed motion vectors are then used as predictions for the rest 

of the macroblocks in corresponding superblocks. For each macroblock with a predic­

tion, ME is performed around the predicted macroblocks using a reduced search area to 

compute the corresponding final motion vector. Predicted macroblocks are macroblocks 

pointed to by the predicted motion vector, which in this case is same as the motion vector 

of the first macroblock of the corresponding superblock. The authors acknowledge the 

limitations of this approach and report that the technique works well only for scenes con­

taining large areas moving in the same direction such as panning scenes. It is, thus, not 

suitable for use with sequences containing zooming motion. 

4.2.2 Search Area Prediction 

The difficulty in designing predictive inter-block motion estimation lies in the fact 

that high correlation between motion information cannot always be guaranteed, especially 

for zooming scenes. This is due to the fact that motion estimation using exhaustive 

searches or BMAs does not always yield motion vectors representative of the true 

motion present in the scene [32]. This is exemplified in Fig.(4.2) which shows the 

motion field generated using exhaustive search for a zooming scene. The motion vectors 

generated do not conform well with the motion in the scene and the resulting motion 

field does not possess a high degree of correlation, thus making the simple prediction 

approach applied in [30] ineffective. However, there is still enough local correlation 

between neighboring motion vectors that can be exploited. 
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Figure 4.2 Morion vectors generated using exhaustive search to predict frame#56 from 
frame#54 

Since the predominant type of motion present in most video sequences is a combi­

nation of panning and zooming, it is imperative that any predictive scheme designed for 

use with block matching algorithms be robust enough to yield good predictions for both 

panning and zooming scenes. One such method is proposed in the following section. 

4.3 Adaptive Search Window Method 

The Adaptive Search Window Method (ASWM) incorporates an inter-block predictive 

scheme that is computationally efficient and robust. It exploits the local correlation that 

exists between neighboring morion vectors to obtain morion vector prediction for current 

blocks. An important observation made from analyzing motion fields generated for zoom­

ing scenes, such as Fig. (4.2), is that although there is no general correlation over the 

entire motion field, some correlation exists between neighboring motion vectors. It can 

be seen from Fig. (4.2) that each motion vector is similar to at least one of its surround­

ing motion vectors. For panning scenes, there is even greater correlation between these 
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motion vectors. Based on this observation, the Adaptive Search Window Method is pro­

posed. Other important issues considered in designing this scheme include: amount of 

overhead computation, memory requirements for storing previous motion information, 

suitability for use in emerging video coding standards and, to a certain degree, suitability 

for hardware implementation. 

4.3.1 Implementation 

In essence, the ASWM method uses motion information of three surrounding mac­

roblocks blocks to obtain motion vector predictions. If a suitable prediction is found, 

then ME is preformed around the predicted block using a reduced search range (wp) to 

locate the final match. If a suitable prediction is not found, which may occur if a corre­

sponding block contains two objects moving in opposite directions or new information is 

being introduced into the scene as a result of covered areas being uncovered, then ME is 

performed around the original block using a larger search range (w 0). 

The exact implementation of the ASWM scheme introduced here is outlined by the 

following steps: 

For each block in the frame being processed 

1. Compute MAD between the current block and the block at the same loca­
tion in the reference frame, i.e. zero motion vector, and record it as MAD0. 

2. Use the three motion vectors corresponding to blocks located at; the top 
(MV 1), the top-left (MV2) and the left (MV3) and compute respectively 
MAD1, MAD2, and MAD3 (see Fig. (4.3b)) 

3. Compare all MAD values, (MAD0, MAD1, MAD2, and MAD3), and select 
as predicted the motion vector corresponding to the lowest MAD. 

4. If the final prediction is not the zero motion vector, then perform ME 
around predicted block using a reduced search range wp (Fig(4.3b)), other­
wise perform ME over the original block using a larger search range w0 
(Fig.(4.3a)) 

This simple prediction procedure is designed to work efficiently as blocks are pro­

cessed in a raster scan either row by row or column by column in the frame. Step (4) 

ensures that proper ME is performed for blocks whose motion cannot be predicted from 

surrounding information by reverting back to a large search range. 
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The robustness of this technique lies in fact that, unlike in [30], a new prediction is 

made for every block in the frame and, also, a larger subset of motion vectors is used in 

computing this prediction. The use of extra vectors for prediction not only eliminate 

propagation of prediction errors, but also compensates for blocks that may have been 

coded as Intra-blocks without any associated motion information. In addition, the compu­

tational overhead and storage requirements are minimal. The ASWM requires an over­

head of four extra MAD computations per block and storage of motion information for 

the previous row or column of blocks depending on the direction of the raster scan. Also, 

the regularity of the algorithm makes it attractive for hardware implementation. 

4.4 Simulation Results 

The simulation tests presented in Chapter 3, TEST 1 and TEST 2, were repeated 

for all BMA incorporating ASWM, and results for the prediction setting of ~n=3, which 
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expounded the poor BMA performance for ME involving larger motion displacements, 

are reported here. All the related parameters for the respective simulation tests are identi­

cal to those presented in Sec.(3.5) of Chapter 3. In the implementation of ASWM algo­

rithm implementation, the search range for predicted blocks, in Step (4), is reduced to 

half of that used for un-predicted blocks. For instance, in TEST 2 with 6n=3, the search 

range for predicted blocks was reduced to 8 pels from 16 pels for valid predictions. The 

three simulation tests were conducted over the two video sequences, "tennis" and 

"flower bed", and the corresponding results are summarized in the following subsections. 

Once again, the results for the "tennis" sequence are presented first followed by 

results for the "flower bed" sequence. The computational load for the ASWM using 

exhaustive searches is also reported. The following legend is used in the figures present­

ing the results of the simulations. 

e "exh_" Predictive Exhaustive Search 

-f--- " tss_" Predictive Three Step Search 

-B-- · "ots_" Predictive One Time Search 

·-X-·-·-· " tdl_" Predictive 2D Logarithmic Search 
-A--- "oss_" Predictive Orthogonal Step Search 

-¾-- "csa_" Predictive Cross Search Algorithm 

-❖- -- "mtss_" Predictive Modified Three Step Search 

-+--- "nom_" No Motion Estimation and Compensation 
-G- -- "exh0_" Independent Exhaustive Search 

The Independent Exhaustive Search, "exh0_", refers to the exhaustive search results 

that were used as benchmarks in Chapter 3. 

4.4.1 "Tennis" Sequence 

The results for the two simulation tests: TEST I and TEST2 for the " tennis" 

sequence are respectively presented in Figs.(4.4)-(4.7). Again, estimation accuracy results 

for the first 20 frames for this sequences are omitted (see Sec.(3.6.1)). 
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Figure 4.4 TEST 1 : Estimation accuracy v/s Search Range using ASWM for "tennis" 
sequence with frame 33 predicted from frame 30. 
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Figure 4.5 TEST 2 : Estimation accuracy using ASWM for "tennis" sequence over 
frames 20-60 with Reference Frames at (n-3), lnitial Search Range=16 pels and Reduced 

Search Range = 8 pels. 
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Figure 4.6 TEST 2 : Number of Block Matches/Frame for "tennis" sequence with 
Reference Frames at (n-3), Initial Search Range=16 pels and Reduced Search Range= 8 

pels. 
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Figure 4.7 Number of Block Matches/Frame for exhaustive search using ASWM for 
"tennis" sequence with Reference frame at (n·-3), Initial Search Range=16 pels and 

Reduced Search Range = 8 pels. 

4.4.2 "Flower Bed" Sequence 

The results for the two simulation tests: TEST 1 and TEST2 for the "flower bed" 

sequence are respectively presented in Figs.(4.8)-(4.11). 
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Figure 4.8 TEST 1 : Estimation accuracy v/s Search Range using ASWM for "flower 
bed" sequence with frame 4 predicted from frame 1. 
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Figure 4.9 TEST 2 : Estimation accuracy using ASWM for "flower bed" sequence over 
frames 20-60 with Reference Frames at (n-3), Initial Search Range=l6 pels and Reduced 

Search Range = 8 pels. 
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Figure 4.10 TEST 2: Number of Block Matches/Frame for "flower bed" sequence with 
Reference Frames at (n-3), Initial Search Range=16 pels and Reduced Search Range= 8 

pels. 
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Figure 4.11 Number of Block Matches/Frame for exhaustive search using ASWM for 
"flower bed" sequence with Reference frame at (n-3), Initial Search Range=16 pels and 

Reduced Search Range = 8 pels 

4.4.3 General Discussion 

Comparing these results with corresponding results presented in Chapter 3, It is 

clear that for all BMAs, an improvement in estimation accuracy is achieved with predic­

tive searches. From results of TEST 1, which measures estimation accuracy v/s search 
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range, it is observed from comparing Fig.(4.4) with Fig.(3.12) and Fig.(4.8) with 

Fig.(3.15), that BMAs incorporating ASWM are greatly effective over large search 

ranges. From results of TEST 2 measuring the estimation accuracy, it is evident from 

comparing Fig.(4.5) with Fig.(3.13) and Fig.(4.9) with Fig.(3.16) that the incorporation 

of ASWM with respective BMAs substantially improves their estimation accuracy. 

Finally, by comparing results of TEST 2 measuring the respective computational 

complexity, Fig.(4.6) with Fig.(3.14) and Fig.(4.10) with Fig.(3.17), a general reduction 

in computational effort is observed for all BMAs. For BMAs that use a fixed number of 

iterations to locate a match (determined from the corresponding search range), such as 

MTSS, CSA and OSA algorithms, the reduction in their computation load is a result of 

the adaptive reduction of corresponding search ranges for ME using ASWM. It should be 

noted, however, that for BMAs such as TDL and OTS algorithms, a reduction in the 

search range does not necessarily reduce the computational effort required in locating a 

match. 

4.5 Simulation Results with MPEG-1 Video Coder 

Further analysis of ME utilizing the ASWM was performed by incorporating it in a 

MPEG-I coder. A software implementation of MPEG-I coding standard1 was modified to 

incorporate two BMA algorithms, MTSS and TDL, for Motion Estimation (see Chapter 

2). These two BMAs are chosen because of their superior performance over other BMAs 

in the simulation tests of Chapter 3. Both independent versions of BMAs and those incor­

porating ASWM were implemented. Also, a predictive exhaustive search and a hybrid 

ME scheme were implemented. The hybrid ME method utilized predictive exhaustive 

search for forward prediction, i.e. P-frames, and predictive MTSS search for bidirec­

tional prediction, i.e. B-frames. 

Ten frame from the "tennis" sequence, frames 30-39, were coded and corresponding 

computational measures and compression ratios reported for respective ME algorithms. 

In addition, the coded bitstreams generated were played on a MPEG-1 decoder for visual 

analysis. The frames used are essentially composed of zooming out motion. The MPEG 

1. The software MPEG coder implementalion used in these simulalions was the Berkeley MPEG encoder, 
mpeg_encode vl.6 (c) 1993, developed al University of California. 



coding parameters used for generating the MPEG-I bitstreams are listed below: 

Frames: [30-39] 
GOP Sequence: IBBPBBPBBP 

Search Range: 16 pels 

ME Accuracy: Full Pixel 

Table ( 4.1) summarizes corresponding results. 

Total No. of bits 
Compression In coded 

ME Algorithms Ratio bltstream 

Exhaustive 87:1 28923 

Exhaustive with ASWM 86:1 29223 

MTSS 64:1 39401 

MTSS with ASWM 77:1 32500 

TDL 69:1 36679 

TDL with ASWM 77:1 32756 

Hybrid (pr_exh + pr_mtss) 84:l 29848 

Total No. of Block 
Matches performed 

4,230,412 

1,704,728 

162,101 

141,147 

161,461 

173,821 

450,960 

Table 4.1. Summary of MPEG-I coding results for respective Motion Estimation 
Algorithms 
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From visual analysis of decoded video, it was confirmed that for all ME algorithms 

tested, none of the decoded frames contained any visual motion artifacts that would have 

otherwise resulted in case of sub-optimal Motion Estimation. The visual quality of the 

decoded frames was equivalent for all ME algorithms. 

From the results presented in Table (4.1), the improvement in compression ratios 

for the two BMAs after incorporating ASWM is clear. An almost 20% improvement is 

achieved for the MTSS BMA while, at the same time, reducing the amount of corre­

sponding computation. Also, the predictive exhaustive search provides an equivalent 

compression ratio as the independent exhaustive search but at a fraction of the computa­

tional effort. The hybrid ME scheme, on the other hand, provides a good compromise 

between compression and computation. Further computational saving are possible using 

efficient block matching techniques presented in [33]. 

4.6 Discussion 

The Adaptive Search Window Method when incorporated with BMAs provides 

computationally efficient and accurate ME. It is particularly attractive for ME involving 
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large motion displacements in the case of frame predictions involving distant reference 

frames. Also, simulation results indicate that ASWM using exhaustive search yields 

results almost equivalent to independent exhaustive search which requires greater compu­

tation as a result of the larger fixed search range used for ME. Since in its implementa­

tion, ASWM uses surrounding motion vectors, it is necessary to store the previous row 

or column of motion vectors depending on how the blocks are being processed, and an 

addition of four MAD computations per block are required to compute appropriate pre­

dictions. This additional computation is eclipsed by corresponding reduction in computa­

tion achieved by the adaptive reduction of search ranges using ASWM. It is also 

anticipated that the use ASWM for ME yields smoother motion fields since surrounding 

motion vectors information is directly applied in locating block matches. Motion field 

smoothness increases coding efficiency of coders such as MPEG that differentially code 

motion vectors in corresponding motion fields. The ASWM implementation outlined in 

this chapter is simple and compatible for use in existing and proposed video coding stan­

dards. 
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Chapter 5 

Conclusions 

In this thesis, the performance of a selected number of Block Matching Algorithms 

(BMAs) was evaluated for Motion Estimation, and, in addition, a predictive motion 

search technique was proposed to enhance their performance. The relevant important 

results obtained from this evaluation, and the application of predictive search for ME are 

respectively summruized in the following two sections. 

5.1 BMA Evaluation 

Although none of the BMA algorithms matched the estimation accuracy of corre­

sponding exhaustive searches, the computational savings over exhaustive searches are 

significant. This computational efficiency of BMAs makes their use feasible for real-time 

ME implementation on fast DSP chips that are now becoming available commercially. 

BMAs, however, provide good alternatives to exhaustive searches only for ME involving 

small motion displacements. This is the case when immediate reference frames are used 

for frame predictions. They are not suited for ME involving large motion displacements 

as required when using distant reference frames for frame prediction. Another evident 

characteristic of BMAs is that their performance, both in terms of estimation accuracy 

and computational complexity, is linked directly with the type of motion present in the 

video sequences. i.e. some BMAs are better suited for ME involving zooming scenes 

while other perform better over panning scenes. In conclusion, BMAs provide computa­

tionally efficient alternatives to exhaustive searches only for ME involving small motion 

displacements. 
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5.2 The Adaptive Search Window Method 

The Adaptive Search Window Method (ASWM) proposed in Chapter 4, when 

incorporated with Block Matching Algorithm (BMAs), provide computationally efficient 

and accurate ME even for ME involving larger motion displacements. A significant 

enhancement, in terms of the estimation accuracy, is achieved for ME involving large 

motion displacements over the independent application of BMAs while maintaining the 

computational efficiency of respective BMAs. In addition, the ASWM using exhaustive 

searches provides equivalent compression as independent exhaustive searches at a frac­

tion of the computation effort. The computational overhead and memory requirements in 

incorporating the ASWM are minimal, with every block requiring a maximum of four 

additional Mean Absolute Difference (MAD) computations. For some BMAs, this addi­

tional computation is eclipsed by the overall computational gains achieved by the 

dynamic reduction of search range by ASWM for ME. When incorporated in the MPEG-1 

coder, a substantial gain in compression ratio is achieved for the ASWM using BMAs 

over independent application of respective BMAs. In conclusion, the combined applica­

tion of the ASWM with BMAs, or exhaustive searches, provides an excellent avenue for 

computationally efficient and accurate motion estimation. 

5.3 Future Work 

The preliminary application of the Adaptive Search Window Method proposed in 

this thesis produced the two desirable qualities required for Motion Estimation: accuracy 

and computational efficiency. Further simulations results with the ASWM using different 

and longer video sequences can ultimately lead to further refinements of the method. 

Moreover, such simulations can also lead to better prediction techniques for ME. 

Another important issue relating to the use of BMAs for ME in coders is their feasi­

bility for real-time ME at video rates using DSP chips. With the advent of powerful com­

mercially available DSP chips, such a study is now possible. Real-time coding of video 

sequences is the ultimate comparison study for evaluating various BMAs 

Some other important issues related to ME/MC and the general area of motion 

video coding that still need to be addressed are listed here: 



• Investigate better methods to estimate and compensate for zooming and 
rotation motion in video sequences. Current ME/MC techniques, as pre­
sented in this thesis, only compensate for translation motion and in the case 
of fast zooming motion, such translational approximations do not provide 
substantial coding gains. 

• Investigate motion rendition by Human Visual System and its application 
in motion video coding 

• Investigate video coding techniques for low-bit rate applications at around 
4-64kb/s as required for video transmission over telephone lines. Radically 
different coding methods are required at such low bit rates as the current 
approaches using OCT with ME/MC are inadequate. 
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