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Chapter 1 

Introduction 
 

 

1.1 Introduction 

 

In recent years, the transmission of multimedia content using mobile devices has become 

very popular. Teleconferencing, video streaming and digital television are just some 

examples of its applications. However, uncompressed video data usually need 

considerable amount of data storage capacity and data transmission bandwidth. 

Furthermore uncompressed video data can influence transmission time needed. Large 

space requirement, high computational cost, and long transmission time are only some 

problems in transmitting video or multimedia content. For example, transmitting a 5 

minute PAL video via a modem at 56 kilobits per second would take about 91.2 hours 

[8]. Other examples of some multimedia data and their transmission time are displayed in 

Table 1.1. For these reasons, research into compression is still essential. 

 

Table 1.1 Transmissions of Multimedia Data [5] 
 

Multimedia 
Data 

Size/ 
Duration 

Bits per 
pixel 

Uncompressed 
Size 

Transition 
Bandwidth 

Transmission 
Time Using a 
28.8k Modem 

page of text 11" * 8.5" Varying 
Solution 4-8 KB 32-64 Kb 

/page 1.1 - 2.2 sec 

telephone 
quality 
speech 

10 sec 8 bps 80 KB 64 Kb/sec 22.2 sec 

gray scale 
image 512 * 512 8 bps 262 KB 2.1 Mb 

/image 1 min 13 sec 

color image 512 * 512 24 bps 786 KB 6.29 Mb 
/image 3 min 39 sec 

medical 
image 

2048 * 
2048 12 bps 5.16 MB 41.3 Mb 

/image 23 min 54 sec 

full-motion 
video 

640 * 640, 
1 min (30 
frames/sec) 

24 bps 1.66 GB 221 Mb/sec 5 days 8 hours 
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Despite the improvements made in media storage technology, compression techniques 

and the performance of transmission media, the demand for greater data storage capacity 

and faster transmission speed will continue to exceed the capabilities of current 

technologies. Furthermore, mobile computing device justifies research efforts into video 

compression research because unlike their desktop counterparts, internet access is badly 

affected by low air bandwidth. The main concern of this research is wavelet-based video 

compression schemes for mobile devices like mobile phones and personal digital 

assistants (PDAs).  

 

As mentioned earlier the demand for multimedia content via mobile devices is getting 

popular. This will result in invariably heavier demands on the radio spectrum. Hence, air 

bandwidth will remain a bottleneck. 

 

Global System for Mobile communications (GSM) is a cellular network. GSM has 

become popular because of the global mobile market. Mobile phones will connect to 

GSM by searching for cells in the immediate neighborhood as can be seen in Figure 1.1. 

 

 
Figure 1.1 GSM Network [38] 
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Since GSM is ubiquitous, it can make international roaming very common between 

mobile phone operators. Subscribers will be able to roam and change carriers without 

altering their phone operators. Network operators can select equipment from any of the 

GSM implemented vendors. However, low air bandwidth remains the bottleneck which 

impedes the speed of data transmission. Therefore, compression still remains a significant 

challenge. 

 

Video Codec 

The previous section shows that effective data compression techniques are essential for 

transmitting and storing digital images and thus, video compression has become very 

important with the rapid growth in multimedia computing and the advent of the Internet. 

This section will briefly review a typical video codec. 

 

Video codec consists of many different parts. The different components of codec can 

influence the quality of the compressed video and the different parts of the video codec 

have been investigated and a number of improvements have been made such as on [7], 

[11] and [12]. The following Figure 1.2 is a typical video codec figure. 

 

 
 

Figure 1.2 A Typical Video Codec [53] 
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As this thesis is concern with motion estimation, a detail discussion is provided later. 

Motion estimation is the process of finding optimal or near-optimal motion vectors. It 

plays an important role in a video codec. A lot of research efforts have been put in 

finding an optimum motion estimation scheme [3], [6], [22]. 

 

In the past different motion estimation schemes have been developed based on Discrete 

Cosine Transform (DCT) and Wavelet Transform [36]. However, wavelet-based schemes 

have become very popular in recent years because it offers a number of advantages over 

DCT-based schemes [6]. One such example is the Dual Tree Complex Wavelet 

Transform (DTCWT). This thesis proposed to use DTCWT as part of a new proposed 

video compression system.  

 

1.2 Problem Statement 

 

Currently video compression algorithms are designed to work on computer which has 

large memory space. These algorithms may not be suitable for mobile devices which 

have limited memory. 

 

1.3 Objective of Research 

 

The objective of this research is to propose a hybrid wavelet-based motion estimation 

algorithm for mobile devices that will fulfill the need of low memory usage. 

 

1.4 Scope of Work 

 

This research will be limited within the context of mobile devices. 
 

1.5 Overview of Research 

 

As mentioned in the earlier section Internet access via mobile devices is badly affected by 

low air bandwidth. Significant challenges for video compression still exist. Some of these 
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challenges are high bit rate, high computational cost, long transmission time, large space 

requirement and delay. Researches have overcome some of these problems in video 

compression but not all the problems. Each of the methods has its own advantages and 

disadvantages. Therefore this research proposes to look at some of the existing methods 

and problems associated with these methods with the view of improving on these 

methods. 

 

This work was undertaken in four stages:  

 

Stage 1: Literatures reviewing and data collecting 

The literature review focused mainly on work related to motion estimation. The literature 

trawl also examined work related to block-matching methods used in motion estimation. 

Works involving complex wavelet transform are also given careful consideration.  

 

Stage 2: Analysis data and design 

An analysis is carried out based on the literature review and data collected from the 

practical test completed during this period. Analysis and evaluating of the techniques is 

carried out by comparing the accuracy and the process (learning and designing) of the 

various techniques reviewed in stage 1 to design the proposed algorithm. 

 

Stage 3: Making implementation and testing system 

The best design that is found in stage 2 is implemented in the MATLAB environment. To 

ensure that the proposed system works, testing is carried out and the results are compared 

with a known algorithm.  

 

Stage 4: Thesis  

The research is documented in detail in this thesis. Organization of thesis is outline in 

section 1.6. 
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1.6 Organization of Thesis 

 

This thesis is organized into seven chapters. Introduction is presented in Chapter 1. In 

Chapter 2, the Video codec and motion estimation are discussed in detail.  

 

Block Matching scheme which is a widely used scheme for motion estimation is 

presented in Chapter 3. Comparison with other known of search pattern used in block-

matching is also shown. Adaptive Rood Pattern Search (ARPS) as one of them and a 

detail study is conducted to learn more about it. 

 

In Chapter 4, Complex Wavelet Transform and its algorithm compared with DWT will be 

presented. This chapter explores the origin complex wavelet transform and gives a 

detailed discussion of it. 

 

The hybrid algorithm of DTCWT /ARPS is explored in Chapter 5. Previous works related 

to motion estimation are included in this chapter. The trial results of the DTCWT and 

ARPS algorithm are discussed in Chapter 5. Chapter 6 summarizes the main results of 

this thesis and puts forward ideas for future work. 
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Chapter 2 
Video Compression 

 
 

2.1 Introduction 

 

Prior to the advent of digital storage, video data are stored as analog signal on magnetic 

tape. In the recent times, new digital technologies have emerged that enable users to store 

and view video digitally. An example of it is Digital TV. Video is fast becoming common 

and popular in the communication systems. However, video data, like other 

uncompressed multimedia data, usually requires considerable data storage capacity and 

data transmission bandwidth. This can pose considerable problems for communication 

networks due to the potentially large volumes of data involved. One way to overcome 

this problem is to compress the video data. 

 

The main function of a video codec is to compress and decompress video. Compression 

scheme are typically lossy compression. In digital video transmission systems, 

compression will result in fewer bits, reduction in bandwidth, reduction in cost in relation 

to the hardware needed, less maintenance and faster transmission time. This chapter will 

focus on video compression. 

 

Section 2.2 of this chapter mentions some related works. A typical video codec is 

presented in section 2.3. Section 2.4 presents the DCT-based Video Codec. Section 2.5 

discusses motion estimation in detail with block-matching method is discussed in 

subsection 2.5.1, phase correlation in subsection 2.5.2, gradient field matching in 

subsection 2.5.3, chrominance information in subsection 2.5.4, mesh-based motion 

estimation in subsection 2.5.5 and layered correlated motion estimation in subsection 

2.5.6. 
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2.2 Related Work 

 

DCT has been for many years a choice of transform paradigm in image compression as 

well as video compression. It is the Fast Fourier transform equation and still widely used 

in many video compression algorithms such as MPEG-1. Many researchers agreed that 

DCT-based method is simple and easy to be implemented but wavelet-based method is 

becoming popular because it can give better compression result although it incurs high 

computation cost. It is known that the visual quality of compressed video by a wavelet-

based codec is better than DCT-based codec [9]. 

 

In DCT, the transformed signal is represented in frequency domain only. The output from 

the DCT is a set of basis signal amplitudes or DCT coefficients. Much of the signal 

energy lies on low frequencies and these frequencies appear in the upper left corner (0, 0) 

of the DCT matrix as shown in Figure 2.1. But with wavelet, both the frequency and time 

information are available. 

 

 
 

Figure 2.1 DCT Coefficients [5] 
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In recent years, many wavelet-based schemes for video compression have been 

developed and implemented [3], [4] and [6]. Rapid progress has been made in wavelet-

based methods, especially in application for video compression. Video compression 

minimizes video size, bandwidth, processing time without sacrificing its quality.  

 

Disadvantage of Discrete Wavelet Transform (DWT) is that it is shift variance [7] and it 

cannot be directly used for motion estimation. If there is any little change in input, shift 

variance will give some unpredictable effect to the transformed signal. However, this 

disadvantage can be resolved by using an extended wavelet transform. This transform is 

called the dual-tree complex discrete wavelet-transform (DT CDWT) and it also known 

as “undecimated wavelet transform” [2], [4], [7], [13], [18]. 

 

Kingsbury and Magarey had attempted to implement motion estimation using DTCWT 

[31]. In that work, each frame was decomposed into a sub-sampled directionally. A band-

pass filter hierarchy is using a complex-valued Discrete Wavelet Transform. To estimate 

motion within each orientation sub-bands, Kingsbury and Magarey used an approximated 

correspondence between the local translation and coefficient phase shift.  

 

Based on the earlier discussion, this thesis proposes to use DTCWT as the mathematical 

transform for the video codec. 

 

2.3 Video Codec 

 

A video sequence is basically a series of still images displayed at high speed. A frame or 

video image is a 3D projection scene onto 2D plane. A snapshot of the 2D representation 

can be seen as a still image at particular time whereas a video sequence represent the 

scene over some time period containing a sequence of frame or still image.  

 

Currently most videos are colored. There are several alternative methods for representing 

color. The most common color spaces for color digital image are red green blue (RGB) 

and luminance - red chrominance – blue chrominance (YCrCb).  
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Each video frame is basically a two-dimensional matrix of pixel. Each pixel has value 

that ranges from 0 to 255 which represents the luminance or brightness. Grayscale or 

monochrome video images possibly will be represented using one pixel. For representing 

color needs multiple numbers of pixels per sample. For a RGB video there will be three 

planes, one for each color. 

 

The visual quality of an image is influenced by the number of sampling points. Higher 

sampling resolution or more sampling points will give better image representation but 

requires higher capacity for storage purpose. A higher frame rate or temporal sampling 

rate gives smoother performance to motion in the video scene but requires more samples 

to be stored and captured. The sampling way is vital key for better reconstruction in 

representing the video signal. 

 
In a discrete form, the video sequence is represented as a signal. It is sampled both 

temporally as a series of frames sampled and spatially on a rectangular grid in video 

image plane at regular intervals in time. Each of these frequency values is referred to as a 

frequency component. This information can be described in terms of a two-dimensional 

grid of spatial frequencies. A given frequency component now shows what role of data 

which is changing with specified in x and y direction spatial frequencies. 

 

For an image which has large values at high frequency components means that the data is 

changing rapidly over a short distance scale. If the image has large low frequency 

components then the large scale features of the picture are important. For color images, 

the 2D matrix of the frequency content is with regard to color/chrominance. It shows 

whether values are changing rapidly or slowly. Where the value in the frequency matrix 

is low, the color is changing gradually. 

 

In video compression systems it is important to remember that the valuable commodity is 

information. For practical reasons the way information is represented may have to be 
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changed a number of times during the process. The following section will examine a 

typical video codec in detail. 

 

A typical video codec is shown in Figure 1.2. Video data contains many frames. Current 

frame is as input for video codec. Motion estimation will predict a new frame from the 

previous frame. After predicting frame using motion estimation, motion vectors is 

obtained through motion compensation. Then encoder encodes that frame so it can be 

transmitted to the decoder. Next, decoder will decode it and the decoded frame can be 

found. Virtually all compression systems rely on some combination of those basic 

processes mentioned.  

 

2.4 DCT-based Video Codec 

 

As mentioned earlier, Discrete Cosine Transform (DCT) has been the preferred transform 

for Moving Pictures Experts Group (MPEG), and it is also the standard for video 

compression. With DCT, the image is segmented into 8 x 8 matrix or 64 pixels, but 

basically, it can be any rectangular array. The main idea with DCT is that it carries out 

compression by concentrating most of the signal in the lower spatial frequencies which 

have zero or near-zero amplitude and these signals would not be encoded. This means 

that the DCT shows no loss to the source image samples. The transformed signal can be 

more efficiently encoded. 

 

A two dimensional DCT is defined as mentioned in equation 2.1 follow. 
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where (u,v) is the u,vth entry of DCT image. p(i,j) is the i,jth element of image 

represented by matrix p. N is block size. It can be said that p(i,j) will become F(u,v) by 

using DCT. 
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The basic operation of the DCT is as follows. The input image is N by M matrix. p(i,j) is 

the intensity of the pixel in row i and column j. F(u,v) is the DCT coefficient in row u and 

column v of the DCT matrix. For most images, much of the signal energy lies at low 

frequencies which appear in the upper left corner of the DCT. Compression is achieved 

since the lower right values represent higher frequencies, and are often small enough to 

be ignored with little visible distortion. The DCT input is an 8 by 8 matrix of integers. 

This matrix contains each pixel's gray scale level. For 8 bit pixels, level lies from 0 to 

255.  

 

In the past researchers have tried to find ways to reduce computational cost of video 

compression [34]. One of the goals of these research works is to achieve a good 

compromise between computational complexity and video quality. The visual quality 

itself is not only based on some measurement such as Signal to Noise Ratio (SNR) or 

Peak Signal to Noise Ratio (PSNR) which is commonly used for comparison, but also the 

visual quality of the decoded image quality. In addition, visual quality of the decoded 

image should be pleasing to the human visual system. 

 

2.5 Motion Estimation 

 

A video sequence consists of a series of frames and this can be represented by a 3D 

matrix. 2D (horizontal and vertical) is the spatial part which shows direction and 1D in 

time domain. A frame is a single time moment representation of pixel set. There are 3 

types of frame [2]. They are called I-frame (intra-coded frame, as reference frame), P-

frame (predicted frame, or residual frame) and B-frame (bi directional predictive frame). 

Frame n usually becomes the I-frame while the P-frame can be the frame n+1, n+2 or 

others.  
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t 

Figure 2.3 Frames of Video Sequence 

 

In the MPEG standard, motion estimation is used to predict temporal information in a 

video sequences. This can be used to improve the compression ratios by compressing 

redundant information between frames. The rational behind using motion estimation is 

that in a typical video sequences there are very few changes in conservative video frames. 

Changes are usually caused by objects moving within the frame, often 8x8 or 16x16-pixel 

blocks. 

 

As this research is concerned with motion estimation, the following section will 

discussed motion estimation in detail. Motion estimation is the process of finding optimal 

or near-optimal motion vectors. The principle is to find the best-match between current 

frame and previous frame according to some distortion measure. The displacement is 

called motion vector. The decoder uses this motion vector and corresponding error 

residuals to decode the video. 

 

Methods of motion estimation can be classified into three kinds [1]. These are block 

matching [12], [16], [45], phase correlation [20], [22], [41], [42] and gradient field 

correlation [19], [23]. They can be found as follow. 

 

 

I Frame 
P Frame 

B Frame 
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2.5.1 Block Matching 

 

Block Matching is based on the concept of dividing video data into blocks and matching 

it with the correlation block. A summary of seven fundamental search patterns can be 

found in [16]. The search patterns mentioned are Exhaustive Search (ES), Three Step 

Search (TSS), New Three Step Search (NTSS), Simple and Efficient TSS (SES), Four 

Step Search (4SS), Diamond Search (DS), and Adaptive Rood Pattern Search (ARPS). 

 

A block-based wavelet codec within a wavelet domain is discussed in [12]. Compared 

with H.263 baseline results, this wavelet codec is competitive at low bit rates, and is 

superior at higher bit rates. In this work, an all wavelet codec method is proposed that 

estimates sub-pixel motion vector in wavelet domain, uses bit-plane-based Rate-

Distortion (R-D) optimization algorithm for residual encoding, and uses a syntax 

compatible with H.263. The popular H.263 decoder needs only modify a few semantics 

to decode their bit-streams [12]. 

 

2.5.2 Phase Correlation 

 

The principal method of phase correlation is similar to block matching method described 

in the previous section. However, with this method, the matching process is utilizing its 

phase information. Several improvements have also been made in this area [39]. 

 

Erturk [20] proposed a method that utilized digital image stabilization with sub-image 

phase correlation based global motion estimation and Kalman filtering based for motion 

correction. Phase correlation based motion estimation is used to detect four sub-images 

which local motions will be used to estimate global motion. The global motion vector is 

determined based on the peak values of sub-image phase correlation surfaces, instead of 

impartial median filtering. The peak values of sub-image phase correlation surfaces tell 

about dependable local motion vectors, as poorly matched sub images result in 

considerably lower peaks in the phase correlation surface due to spread. The utilization of 

sub-images enables fast implementation of phase correlation based motion estimation. 
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The global motion vectors of image frames are accumulated to obtain global 

displacement vectors, that are Kalman filtered for stabilization [20]. By using this 

method, motion is recognized as a global motion and cannot be separated in smaller 

motion unit. 

 

Phase correlation based methods for motion estimation have been in use for almost three 

decades [20]. Phase correlation based method is able to measure large motions with sub-

pixel accuracy. This ability has made it very appealing in many applications [32].  

 

In phase correlation based method, significant computational steps are involved Fast 

Fourier Transform (FFT), normalized cross-power spectrum and Inverse Fast Fourier 

Transform (IFFT). An efficient hardware and software solutions already exist for FFT 

and IFFT, but for normalized cross-power spectrum computation still has no efficient 

solutions.  

 

Kumar et al [21] proposed a novel method for computing cross-power spectrum based on 

approximating normalization of complex scalar. This method is very efficient and 

hardware friendly as compared to existing methods. The proposed algorithm worked with 

its complex vectors where it results in significant reduction in precision requirements on 

FFT and IFFT as well. Block floating point representation of numbers is related with this 

method. Simulation results show that Kumar’s proposed algorithm has potential for 

making phase correlation an accessible tool for low power devices as well as applications 

dealing with very large images [21]. 

 

Molino et al [22] presented a CORDIC-based (Coordinate Rotation Digital Computer) 

architecture to compute the phase difference between two complex numbers efficiently. 

In many signal processing algorithms, fast phase difference computation is still a 

problem. Molino’s method main focus in on the phase correlation technique applied to 

motion estimation. A solution in reducing complexity and specifically tailored to costume 

the application needs. The proposed algorithm has been implemented completely in 0.25 
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/spl mu/m standard-cell CMOS technology. The performance outperforms a recently 

designed solution by more than 50% under area and energy standpoints [22]. 

 

2.5.3 Gradient Field Matching 

 

Gradient field Matching is a method that estimates the motion over numbers of fields. 

These fields are temporal luminance gradients. Many researchers have contributed work 

to improve this method [33]. The following are examples gradient field matching 

research. 

 

Liao et al [23] proposed a new method for quantifying the differences between images 

based on matching the gradient fields of two images. Liao defined new image spaces in 

which images are considered equivalent under a similarity group action. The difference 

between two image classes is then defined by utilizing the Cauchy-Schwarz inequality to 

the gradient fields. The advantage of Liao et al approach is that images are acknowledged 

by their relative contrasts and it is scale free. Using this approach, Liao et al are able to 

achieve image combination. Liao extended their basic model to more general equivalent 

classes by modifying the group actions. The variation problems and the corresponding 

Euler-Lagrange equations associated with these models are discussed. The gradient 

descent time dependent partial differential equations are also derived. The Additive 

Operator Splitting scheme is also presented as fast and efficient solvers. Liao et al tested 

the proposed models with simulation images as well as real brain MRI and PET images 

from normal control subjects. 

 

Argyriou et al [19] discussed the performance study of gradient correlation in the context 

of the estimation of inter-frame motion in video sequences. The method is based on the 

maximization of the spatial gradient cross-correlation function. That method is computed 

in the frequency domain so it can be implemented by fast transformation algorithms. 

Improvements to the baseline gradient-correlation algorithm, especially in the presence of 

noise are presented. Based on a comparative performance study, the proposed method 
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outperforms phase correlation method, in terms of sub-pixel accuracy for a range of test 

material and motion scenarios [19]. 

 

Besides the three types of motion estimation discussed earlier, there are also other 

methods. These methods include but not limited to chrominance information [11], mesh-

based [4], and Layer correlation [7], [10]. Each of these methods will be briefly described 

in the following sections. 

 

2.5.4 Using Chrominance Information 

 

Andre et al [11] proposed an improved block-matching-based motion estimation 

technique, which takes advantage of the chrominance information of the video sequence 

in order to reduce the number of mismatches. In this work, a new algorithm was proposed 

to reduce the complexity overhead due to the processing of the chrominance information. 

The results showed that the algorithm offer the same reconstruction quality as the 

corresponding optimal algorithm, for a significantly lower computational cost. A good 

balance between complexity and performances still remained to be reached. The impact 

of the chrominance information during the motion estimation was taken into account. The 

proposed method combined the lifting scheme and motion compensation to reduce the 

wavelet coefficients energy, thus leading to a more efficient compression. 

 

2.5.5 Mesh based Motion Estimation 

 

An irregular triangle mesh into wavelet-domain motion-estimation and motion-

compensation using a shift-invariant redundant wavelet transform was developed by Cui 

et al [4]. This method combines triangle mesh motion estimation and Redundant Discrete 

Wavelet Transform (RDWT). The reported results showed that the proposed method gave 

improved performance. The disadvantage of the proposed method was that RDWT 

needed more time. To ensure shift invariance at the cost of a redundant, the RDWT 

remove the down sampling operation of DWT. By using mesh based motion estimation, 
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better match of object motion in video can be obtained by comparing with traditional 

block based structure. With this block based method, size of the block was fixed, while in 

mesh based the region can be sized accordingly to the need. The accuracy of this kind of 

motion estimation is dependent on choosing the proper control points. It is possible to get 

poor estimation than other method if control points are not appropriate. 

 

2.5.6 Layer correlated Motion Estimation 

 

An efficient layer-correlated scheme was proposed by Luo et al [7] to reduce the bit cost 

for motion vectors in the 3D wavelet coding. The motion representation consists of 

multiple layers. The proposed framework also supported the spatial and temporal 

scalabilities of motion. Each layer of motion is optimized at a certain range of bit-rate. 

The distortion caused by motion mismatch was independent with that from texture 

quantization. Therefore the distortion resulted from motion mismatch can be calculated 

and the overall performance when motion mismatch exists can be estimated. A decision 

scheme is used to find the appropriate number of motion layers transmitted at a given bit-

rate. 

 

2.6 Summary 

 

This chapter explored several motion estimation methods. The study showed that 

significant challenges for video compression still exist. These include high bit rate, high 

computational cost, long transmission time, storage requirement and delay. 

 

Each of the methods has its own advantages and disadvantages.   

- Block based as a former method has been widely used in many application in 

motion estimation. By making some adjustments, it can be implemented easier 

than others methods.  



 

 

19

- Gradient field and phase correlation method is a promising method but it needs 

special effort to find its gradient fields and or phase information of signal. And 

also variations in gradient field or phase information can cause difficulty. 

- Andre et al demonstrated that by adding chrominance information in wavelet 

domain can be done in order to reduce the number of mismatch but it is not so 

essential. 

- Cui et al‘s method discussed is mesh based method. In this method, region of 

object can be sized based on need. Choosing control point is the crucial key of its 

success. Inappropriate control points can effect worse compression. 

- Luo et al introduced layered based method. When layered method is used for high 

motion sequences, the representation will consist of many layers. It needs more 

time to process and also its computational cost becomes problem. 

 

Based on these studies, this thesis proposes to use a hybrid wavelet transform method 

with block matching based motion estimation. 
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 Chapter 3 
Block Matching 

 
 
3.1 Introduction 

 

As mentioned earlier, video storage on CD/DVD and streaming video has been gaining a 

lot of popularity with the advent of the spread of Internet. With this, several video coding 

standards have emerged. Examples of these standards include the ISO Moving Picture 

Experts Group (MPEG). The MPEG video coding standard concern compressed video 

storage on physical media like CD/DVD. Another standard is the International 

Telecommunications Union (ITU). The ITU deals with real-time point-to-point or multi-

point communications over a network. The MPEG standard has the advantage of having 

higher bandwidth for data transmission. The standard the basic flow of the entire 

compression decompression process is largely the same as previously discussed in 

Chapter 2.  

 

The encoding stage estimates the motion in the current frame correspond to a previous 

frame. A motion compensated image for the current frame is then constructed from 

blocks of image from the previous frame. The motion vectors for blocks used for motion 

estimation and the difference of the compensated image with the current frame are JPEG 

encoded and transmitted. The encoder decoded the transmitted encoded image then used 

it as a reference frame for later frames. The decoder repeals the process and forms a full 

frame. The main objective of motion estimation based video compression is to save on 

bits by sending JPEG encoded difference images which essentially have less energy and 

can be highly compressed as compared to sending a full frame JPEG encoded. Motion 

JPEG, where all frames are JPEG encoded, can achieve compression ratio between 10:1 

to 15:1, where as MPEG can get a compression ratio of 30:1 and is also useful at 100:1 

ratio [24] [25] [26]. It should be noted that the first frame is always sent in full and so 

other frames that might happen at some regular interval (for example, every 6th frame).  
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The most computationally expensive and costly operation in the entire compression 

process is the motion estimation part. Hence, this field attracted numerous research 

interests in the past two decades. Barjatya [16] reviewed of the block matching 

algorithms used for motion estimation in video compression from the last three years. 

Barjatya has implemented and evaluated the fundamental block matching algorithms 

since the mid-1980s until 2002. Barjatya’s review [16] also included a comparative study 

of seven different types of block matching algorithms that range from the very basic 

Exhaustive Search (ES) to the recent fast adaptive algorithms like Adaptive Rood Pattern 

Search (ARPS). The algorithms evaluated in Barjatya’s review are widely accepted by 

the video compressing community and have been used in implementing various 

standards, ranging from MPEG1 / H.261 to MPEG4 / H.263. 

 

In this chapter, Section 3.2 will explore Block Matching Search Patterns and a detail 

discussion of Adaptive Rood Pattern Search (ARPS) will be presented in Section 3.3. 

 

3.2 Block Matching Search Patterns 

 

As mentioned in Chapter 2, there are seven fundamental block-matching search pattern 

schemes. The schemes mentioned include Exhaustive Search (ES), Three Step Search 

(TSS), New Three Step Search (NTSS), Simple and Efficient TSS (SES), Four Step 

Search (4SS), Diamond Search (DS), and Adaptive Rood Pattern Search (ARPS). 

 

The fundamental idea behind motion estimation is that the patterns corresponding to 

objects and background in a frame of video sequence move within the frame to outline 

corresponding objects on the successive frame. The objective of block matching is to 

divide the current frame into a matrix of ‘macro blocks’ that are then compared to 

corresponding block and its nearby neighbors in the previous frame to create a vector that 

specifies the movement of a macro block from one location to another compared to the  

previous frame. This movement calculated for all the macro blocks containing a frame, 

represents the motion estimated in the current frame.  
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For a good macro block match, the search area is controlled up to p pixels on all fours 

sides of the related macro block in previous frame. The ‘p’ is the search parameter. 

Larger motions will need a larger p and the larger the search parameter means the process 

of motion estimation becomes more computationally costly. The macro block is typically 

a 16-pixel side square, and the search parameter p is 7 pixels as shown in Figure 3.1.  

 

The matching of one macro block with another is based on the output of a cost function. 

The macro block that results in the least cost is the one that matches the closest to current 

block. There are various cost functions, of which the most popular and less 

computationally expensive is Mean Absolute Difference (MAD) given by equation (3.1). 
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Figure 3.1 Block Matching a Macro Block 

 

Another cost function is Mean Squared Error (MSE) given by equation (3.2). 
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N is the side of the macro bock, Cij and Rij are the pixels being compared in current 

macro block and reference macro block. Peak-Signal-to-Noise-Ratio (PSNR) is given by 

equation (3.3). 

 











MSE
dataoriginalofvaluepeaktopeakPSNR

2

10
)(log10                 (3.3) 

 

PSNR distinguishes the motion compensated image created by using motion vectors and 

macro blocks from the reference frame. 

 

DS has proven to be best block-matching algorithm [37]. Numerous other algorithms are 

derived based on the results of DS. Cross Diamond Search (CDS) [27], Small Cross 

Diamond Search (SCDS) [28], and New Cross Diamond Search (NCDS) [29], are all 

improvement on the performance of DS by modifying the starting search pattern from 

LDSP to cross search pattern (CSP). These three mentioned algorithms vary with 

considering the number of points being used by the CSP. CDS uses all the nine points 

whereas SCDS and NCDS use only the inner five points to start and then expand their 

search. However, from observations, NTSS and TSS are CSP variants and the 

computational methods are similar to those used by DS [16].  

 

Another reason for their improvement is the provision of multiple half-step stops. It 

should be mentioned that out of the three CSP based variants only NCDS comes closer to 

the performance of ARPS [40]. The others although an improvement on DS, do not 

match the performance of ARPS.  

 

Table 3.1 is a summary of block matching comparison for seven fundamental search 

patterns applied to Caltrain sequences. It can be seen from that Table 3.1 that ARPS 

yields a lower PSNR value compared to the other methods. In addition, ARPS takes the 

less time. For this reason, ARPS is chosen in this thesis to compute the motion 

estimation. 
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Table 3.1 Block Matching Comparison 

Method PSNR (dB) Time (s) 

ARPS 27.3755 0.14859 

DS 28.0354 0.28891 

ES 29.1375 2.7512 

NTSS 28.2258 0.28256 

SESTSS 28.0065 0.3012 

SS4 28.0129 0.26546 

TSS 28.224 0.34363 

 

3.3 Adaptive Rood Pattern Search (ARPS) 

 

The existing block matching algorithms (BMA) can be classified into four categories 

[30]. There are BMA using a fixed set of search pattern, BMA based on inter block 

correlation, BMA using hierarchical or Multi resolution Search Framework and BMA 

using sub sampled pixels on Matching-Error computations. 

 

Compared to BMA using fixed set search pattern such as Three Step Search (TSS), 

ARPS uses a fixed set search pattern but not for global search, it is limited to refined 

local search. This fixed set search pattern method is based on the hypothesis that motion 

estimation matching error decreases monotonically as the search moves toward the 

position of the global minimum error. The motion vector of each block is searched 

independently by using a fixed set of search patterns. The main important advantages of 

these methods are its simplicity and regularity which can make them attractive for 

implementation [30]. 

 

The derivation of DS exploits the characteristic of the center-biased Motion Vector (MV) 

distribution typically existed in real world video sequences and develops two diamond 

shaped search patterns which are Long Diamond Search Pattern (LDSP) with nine search 

points as shown in Figure 3.2 and Small Diamond Search Pattern (SDSP) with five 

search points as shown in Figure 3.3.  
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Figure 3.2 LDSP [30] 

 

 
 

Figure 3.3 SDSP [30] 

 

When the size of the fixed search pattern does not match the size of the actual motion, an 

over search or an under search will be acquired. This can cause certain search to be 

deficient and inaccurate. LDSP will become too large for searching a small MV with 

length less than 2 pixels away from its center point. The characteristic of center-biased 

MV distribution will be very weak in large and complex motion condition. LDSP can be 

too small for searching large MV and directs to either a long search path or being trapped 

into a local minimum matching error point. These two possibilities can cause unnecessary 

intermediate searches, yield large matching errors and corrupting video quality. On the 

other hand, it will have less adaptability and search efficiency in tracking large motions 

[30]. 
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Motion vector can be predicted from the correlation between the current block and its 

neighboring blocks in the spatial and or temporal domains. The predicted MV can be 

derived from the statistical average of neighboring MVs or selecting one of the 

neighboring MV according to certain criteria. After the prediction, the search window’s 

size and the search center are identified accordingly and FS is then performed within this 

new search window. This method has achieved good performance at the prediction 

computational cost [30]. 

 

Each pattern of block matching algorithms achieves different transaction between 

algorithm complexity, search speed and picture quality. Nie and Ma (2002) combine the 

pattern-based method with the spatial-correlation based method. Inter block correlations 

dynamically determine the size of the search pattern. Simplicity and feasibility for 

implementation are also Nie and Ma’s major concerns for their algorithm. 

 

3.3.1 ARPS Algorithm 

 

In detecting small motions, a small search pattern formed by compactly spaced search 

points is more suitable than a large search pattern containing sparsely spaced search 

points. This is because only a small number of positions around the search window center 

are necessary to be checked. On the other hand, the large search pattern has the advantage 

of detecting large motion quickly but it will result in unnecessary search for small MVs. 

It can be said that the speed and accuracy of pattern-based search algorithms thoroughly 

depend on the magnitude of the target MV and the size of the search pattern. For these 

reasons, it is highly advantageous to use different search patterns according to the 

estimated motion behavior in term of the motion magnitude for the current block [30]. 

 

Mostly, Macro Blocks of the same moving object have similar motion. Therefore, the 

motion behavior of current block can be predicted by referring to its neighboring blocks’ 

MVs in the spatial and or temporal domains. Considering the size and shape of the search 

pattern(s), ARPS method uses two types of search patterns. One is the adaptive rood 
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pattern (ARP) with adjustable pattern size, which is determined for each MB dynamically 

referring to its predicted motion behavior. When each MB search started, ARP will be 

exploited only once. This step will find a good starting point for the remaining local 

search. It will also get rid of avoidable intermediate search and lessen the risk of being 

trapped into local minimum in the case of long search path. It is envisage that the new 

starting point identified is the closest to the global minimum. On the next step, a small 

fixed-size search pattern, another type of search patterns, would be able to complete the 

remaining local search faster. This small search pattern will be repeated and used in the 

refined local search until the final MV is found [30]. 

 

ARPS algorithm utilizes the coherency of general motion in a frame which means if the 

macro blocks around the current macro block moved in a particular direction then there is 

a high probability that the current macro block will also have a similar motion vector 

[30]. With ARPS, the motion vector of the macro block is used to predict its own motion 

vector.  

 

3.3.1.1 Prediction of MV 

 

There are two factors that need to be considered in order to obtain an accurate MV 

prediction of the current block. First is choice of the region of support (ROS) that consists 

of the neighboring blocks whose MVs will be used to calculate the predicted MV, and 

second is that algorithm used for computing the predicted MV [30].  

 
The same position block of the reference frame in the temporal domain and the current 

block is a straightforward choice as a temporal ROS candidate. Beside that, neighboring 

blocks from the same reference frame could also be potential candidates for prediction. 

Figure 3.4 shows four types of ROS, illustrated by the shaded blocks. The block “O” is 

the current block. Temporal correlation needs recording the whole previous MV field, 

which might be a problem for limited storage space. Therefore, ARPS only exploits the 

spatial correlation [30]. 
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   Type A        Type B       Type C        Type D 

Figure 3.4 Four Types of ROS [30] 

 

Type A occupies all the four neighboring blocks. Type B is adopted in an international 

standard such as H.263 for differential coding of MVs. Type C is formed of two directly 

adjacent blocks, above and left. Type D has only one block at the immediate left to the 

current block.  

 

The adjacent blocks whose MVs are available for reference are on the immediate left, 

above, above-left and above-right to the current block, since all the blocks within a video 

frame are processed in a raster-scan order in the spatial domain [30]. The blocks in other 

close-by positions are less correlated to the current block and therefore are not suitable 

for prediction. The spatial ROS is thus limited to the neighboring block(s) with four 

promising scenarios as shown in Figure 3.4, because the usage of more blocks will 

involve higher computational complexity. 

 

To obtain the predicted MV, it is a common way by calculating the statistical average of 

MVs in the ROS. Testing is performed with all four types of ROS and mean and median. 

Nie and Ma’s results show that these ROSs and prediction criteria yield fairly similar 

performance in terms of PSNR with difference within 0.1 dB and the total number of 

checking points required with difference less than 5%. Based on that result, ARPS adopt 

the type D in this method, which has the least memory requirement [30]. 

 

3.3.1.2 Selection of Pattern Search 

 

ARPS uses Adaptive Pattern for the Initial Search. The rood pattern is symmetrical with 

four search points locating at the four vertices as shown in Figure 3.5.  
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Figure 3.5 Adaptive Rood Pattern (4, 2) 

 

The ARP has a rood shape. The distance between any vertex point and the center point is 

its step size. An example as shown in Figure 3.5 represents step size 4. Because it is 

symmetrical, four vertex points have equal distance to the center point. As a special case, 

when the step size of ARP is zero, the ARP will be smaller from its normal rood shape to 

the center point itself. If the predicted MV is inaccurate and its magnitude is not 

equivalent to the true motion very well, the rood-shaped pattern can still follow the major 

direction and support the follow-up refinement step [30]. 

 

The predicted MV can be added into Adaptive Rood Pattern (ARP) because it is very 

likely to be similar to the predicted MV as shown in Figure 3.5 and the prospect of 

detecting the accurate motion in the initial stage can be improved. When the predicted 

MV is in the horizontal or vertical direction, it has an overlap over one of the four arms 

of the rood pattern. In ARPS method, the four arms of the rood pattern are of equal 

length. The primary idea in deciding the ARP’s size is to make it equal to the length of 

the predicted MV. That is, the size of ARP, , is as stated in equation 3.4. 

 

 )()( 22 ypredictedMVxpredictedMVRound

predictedMVRound




   (3.4) 
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where MV2 predicted (x) and MV2 predicted (y) are the horizontal and vertical 

components of the predicted MV respectively. Operator “Round” executes rounding 

operation that will take the nearest integer value of the argument. Parameter mentioned in 

equation (3.4) occupies square and square-root operations which will increase difficulty 

on hardware implementation. Instead, Nie and Ma used only one of the two components 

of the predicted MV that has the larger absolute value or magnitude to determine the size 

of the ARP. That is, 

  )()( ydMVpredictexdMVpredicteMax      (3.5) 

From a mathematical perspective, the magnitude of MV’s component with larger 

absolute value is fairly close to the length of MV, and thus Equation (3.5) is a good 

approximation of measurement on motion magnitude. Experimental results show that the 

second explanation of using equation (3.5) in fact yields slightly superior to the first one 

using equation (3.4) in terms of higher PSNR and less total number of checking points. 

Hence, Nie and Ma adopted the second method that is using Equation (3.5) for the rest of 

ARPS development.  

 

The chosen ROS, type D, is not applicable to all the leftmost blocks in each frame. For 

those blocks, ARPS do not utilize any neighboring MVs, but implement a fixed-size arm 

length of 2 pixels (that is  =2) for the ARP. Longer arm lengths are also not considered 

because the boundary MBs in a frame are less likely to have very large motion and 

usually belong to static background. In summary, the adaptive pattern consist a rood-

shaped pattern having four vertex points plus the search point indicated by the predicted 

MV, as shown in Figure 3.6. It is possible that the predicted MV perfectly aligns with one 

of the four vertices [30]. Hence, the ARP contains either 5 (no overlapping) or 4 (with 

overlapping) search points required to be searched in the initial search stage when the 

predicted MV is not zero. Otherwise, it requires only one search point. 

 

For Refined Local Search, ARPS uses Fixed Pattern. In the initial search using ARP as 

explained earlier, the adaptive rood pattern guides the new search center directly to the 

most promising area which is around the global minimum. Thus, effectively reducing 
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redundant intermediate searches along the search path. The assumption of uni-modal 

error surface produced in this area would be quite valid. Hence, instead of performing FS 

or other fast BMAs as other methods reported in the literature, a fixed, compact and small 

search pattern can be used to perform local refined search unrestrictedly for identifying 

the global minimum [30].  

 

When a fixed pattern is used, the Minimal Matching Error (MME) point found in the 

current step will be re-positioned as the new search center of the next iteration search 

until the MME point is constant at the center of the fixed pattern. Nie and Ma have 

investigated two types of most compact search patterns. One is the five-point unit-size or 

the smallest rood pattern (URP) which is similar to the SDSP used in DS as shown in 

Figure 3.3 and the other is a 3x3 square pattern. Experimental results show that the 3x3 

square pattern yields similar PSNR compared with the URP but needs 40% - 80% more 

checking points [30]. This result showed the efficiency of using URP in local motion 

detection obviously. Therefore URP is adopted in ARPS method. 

 

3.3.1.3 Zero Motion Prejudgment 

 

Commonly, macro block (MB) with the size of 16 x 16 is used to perform motion 

estimation and the sum of absolute difference (SAD) is used as the measurement of 

matching error. In this thesis, Peak Signal to Noise Ratio (PSNR) will be used as the 

measurement of video quality although this is not a guarantee that higher PSNR always 

indicate better quality. 

 

There is only little motion between the adjacent frames in many visual communication 

applications such as teleconference. A large percentage of zero-motion blocks are 

encountered in such type of video sequences. Results of some typical test video 

sequences are recorded in Table 3.2.  
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Table 3.2 Static Area [30] 

Sequences Static Area (%) 

Akiyo 93.36 

Container 90.55 

Hallmonitor 95.18 

News 84.61 

Silence 78.79 

 

The total number of static blocks per frame is as high as more than 70% as shown in 

Table 3.2. Zero-motion prejudgment is carried out to decide whether some part in the 

frame is static. Thus, it is possible to reduce the computational cost if a zero-motion 

prejudgment (ZMP) is applied at the beginning of motion estimation. Further 

investigations signify that the average matching errors of these static blocks are much 

smaller than that of moving blocks. So, the prejudgment can be completed by computing 

the matching errors between the current block and the candidate block corresponds to 

zero-MV which is the same location block in the reference frame and comparing it with a 

predetermined threshold. If the matching error is smaller than threshold, the current block 

will be defined as a static block without processing the remaining search.  

 

Since higher threshold will give larger prediction errors, it yields good speed-up gain 

without noticeable degradation on visual quality. For those video sequences containing 

large motion contents, they cannot get much advantage from Zero Motion Prejudgment 

technique since the percentages of static blocks in these sequences are usually quite 

small. The threshold value is certainly adjustable, depending on the application’s 

requirements. For example, if the video quality is not an important factor, this threshold 

can be increased to a larger value for getting faster process. 

 

3.3.1.4 Overview of ARPS Algorithm 

 

ARPS algorithm applies the following steps for each macro blocks. 
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Step 1 : Find the SAD (Sum Absolute Difference) as matching error between the current 

block and the block at the same location in the reference frame, for example, the current 

block and the centre of the current search window. SAD is specified as follows. 
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where M and N are the width and height of block. f(i,j) is the block to be coded. f’k(i,j) is 

the candidate block in reference frame k. (vx, vy) is the displacement between the block 

and best match block also called as motion vector. 
 

Step 2 : Align the center of Adaptive Rood Pattern (ARP) with the centre point of the 

search window and test its four search points plus the position of the predicted motion 

vector to get the current Minimal Matching Error (MME) point. 

 

Step 3 : Place the center point of the unit size rood pattern (URP) at the MME point found 

in the previous step and check its point. If the new MME point is not at the center of the 

current URP, this step will be repeated. But if the motion vector is found, the MME point 

is identified in this step. 

 

With reference to Figure 3.6, the predicted motion vector is to (4, 2). ARPS will test the 

location pointed by the predicted motion vector and in addition it checks at a rood pattern 

distributed points, as shown in Figure 3.6. These are rood pattern distributed points at a 

step size of S = Max (|X|, |Y|). In this example, S = 4. X and Y are the x-coordinate and 

y-coordinate of the predicted motion vector and x = 4 and y = 2.  This rood pattern search 

is always the first step. The search is made in an area where there is a high probability to 

find a good matching block. The least weight result point becomes the starting point for 

subsequent search steps and the search pattern is turned back to SDSP. The procedure 

keeps on carrying out SDSP until least weighted point is found to be at the center of the 

SDSP. A further small improvement in the algorithm is made by checking the Zero 

Motion Prejudgment [30]. The search will stop half way if the least weighted point is 

already at the center of the rood pattern. 
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3.3.2 Advantages of ARPS 

 

The most important advantage of ARPS algorithm over DS is that if the predicted motion 

vector is (0, 0), it will not waste computational time in executing LDSP rather it begins 

using SDSP directly. Moreover, if the predicted motion vector is far away from the 

center, then ARPS will not carry out computations by directly skipping to that 

surrounding area and using SDSP, whereas DS takes longer time performing LDSP. Care 

should be taken not to repeat the computations at points that have been checked earlier. 

Care also needs to be taken as well when the predicted motion vector turns to match one 

of the rood pattern locations. Double computation at that point should also be avoided. It 

can be said that ARPS needs less computation and time with block matching algorithms. 

 

3.4 Summary 

 

Block matching techniques are the most popular and efficient of the various motion 

estimation techniques. This chapter discussed seven of the most popular block matching 

algorithms with their comparative study as part of the literature review. A detail 

discussion of ARPS is included in this chapter. 

 

A novel simple fast block-matching algorithm called Adaptive Rood Pattern Search 

(ARPS) was discussed in detail. By taking advantage of higher distribution of MVs in the 

horizontal and vertical directions and the spatial inter-block correlation, ARP adaptively 

utilizes adjustable rood-shaped search pattern which is powerful in tracking motion trend 

and also together with the search point specified by the predicted MV, to match different 

motion contents of video sequence for each macro-block. In addition, ARPS has an 

optional zero-motion prejudgment (ZMP) to get further assistance for small motion video 

sequence. 

 

When compared with DS, ARPS–ZMP significantly increases the computational gain 

with little reduction in average PSNR. In addition, ARPS–ZMP improves average PSNR 

performance in large motion video sequences. Meanwhile, ARPS’s regularity and 
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simplicity are very desirable and attractive for hardware implementation. Therefore, 

ARPS is a very efficient and robust motion estimation algorithm for real-time video 

coding applications. 

 

Because of its advantages discussed in this chapter, ARPS is the preferred matching 

algorithm for this thesis. ARPS is chosen because of its less computation and time among 

others block-matching algorithms as discussed in this chapter. 
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Chapter 4 

Complex Wavelet Transform 
 

4.1 Introduction 

 

As mentioned in earlier chapter, DCT transformed a signal from the time domain into a 

frequency domain signal. But with wavelet, not only frequency, time is represented also 

as illustrated in Figure 4.1.  

 

 

 

 

 

 

Figure 4.1 Wavelet Transform 

 

Many researchers agree that DCT-based method is simple and easy to be implemented 

but wavelet-based method is becoming more popular because it can give better 

compression ratio and visual quality.  

 

Wavelets are more capable and helpful than other signal analysis techniques in trends, 

breakdown points, discontinuities in higher derivatives, and self-similarity [5]. 

Furthermore, because it gives a different view of data than those presented by traditional 

techniques and wavelet analysis can often compress or de-noise a signal without 

appreciable degradation. 

 

This chapter will examine the wavelet transform and section 4.3 will discuss Complex 

Wavelet Transform in detail as this is transform used in this research. Features of 

DTCWT will be explained in Section 4.4. 
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4.2 Wavelet Transform 

 

Wavelet transform works by representing any function as a superposition of a set of 

wavelets or basis functions. These basis functions are obtained from scaling (a) and 

translation (b) a single prototype wavelet which is called mother wavelet ( ). Equation 

(4.1) illustrates it. 

 







 


a

bx
a

xba 
1)(,     (4.1) 

 

A wavelet is a simple filter. High-Frequency Wavelet yields good frequency resolution 

but poor time information. Low-Frequency Wavelet yields good time resolution but poor 

frequency information. With wavelet transform it is possible to utilize scaling and 

translation to analyze signals in the frequency and time domain respectively. A wavelet 

transform is also known as sub-band coding. Sub-band coding is achieved by translating 

and scaling a specific wavelet filter. With sub-band coding, the image or video sequence 

is first filtered horizontally with high pass filter. This extracts the high spatial frequency 

information. Then same action is repeated with low-pass filter which takes out the high 

frequency component leaving the low frequency component.  

 

This procedure yields two sub images which contain high or low horizontal information 

as result. The resultant sub images are HH, HL, LH, and LL. The process can be repeated 

with the LL image to obtain higher band decomposition filter trees. Figure 4.2 presents an 

example of three-level wavelet-based decomposition. 

  

 

 

 

 

 

Figure 4.2 Three-Level Wavelet-based Decomposition 
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4.3 Complex Wavelet Transform 

 

The disadvantage of DWT is that it is shift-variant and cannot be used directly for motion 

estimation. Improvements have been made to the DWT. The complex wavelet transform 

(CWT) is a complex-valued extension to the standard discrete wavelet transform (DWT). 

The dual-tree complex discrete wavelet-transform (DT CDWT) [2], [4], [7] also known 

as “undecimated wavelet transform” and due to the lack of decimation, it is highly 

redundant [13]. The dual-tree complex DWT of a signal x can be implemented using two 

critically-sampled DWTs in parallel on the same data. The DWT is shown in Figure 4.3. 
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Figure 4.3 DWT 

 

It is a two-dimensional wavelet transform which provides multiresolution, and sparse 

representation. The transform also provides a useful characterization of the structure of 

an image. Furthermore, it provides a high degree of shift-invariance in its magnitude. 

However, a drawback to this transform is that it is four-times redundant compared to a 

separable (DWT).  

 

Dual-tree complex wavelet transform (DTCWT) computes the complex transform of a 

signal using two separate DWT decompositions, that is, Tree A and Tree B as shown 

Figure 4.4. If the filters used in one tree are specifically designed different from those in 

the other tree then it is possible for one DWT sub-band signals to produce the real 

coefficients and the other the imaginary part.  
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Figure 4.4 DTCWT 

 

The filter in each tree produces the real and imaginary parts respectively of each complex 

wavelet coefficient. The redundancy of two trees provides extra information for analysis 

but at the expense of extra computational power. It also provides approximate shift-

invariance (unlike the DWT) yet still allows perfect reconstruction of the signal. DTCWT 

has near perfect shift invariance whereas the maximally decimated real discrete wavelet 

transform has substantial shift dependence. 

 

4.3.1 Wavelet Filter  

 

In an ideal filter, all frequencies should experience the same time delay. If some groups 

of frequencies experience a different delay from others, the result would be a group-delay 

error. In order to ensure that the transform work correctly it is important that the low-pass 

filters in each tree must differ by half a sample period. In addition, the filters in each tree 

are the reverse of each other and each tree must have the same frequency response. 

Reconstruction filters are the reverse of the filters used in the decomposition stage. 

Lastly, all filters must be from the same orthonormal set.  

 

As mentioned earlier, DTCWT uses two separate DWT decompositions. The two 

separate DWT can be applied to the columns of an image and another two separate DWT 

decomposition to the rows and thus this will yield a Quad tree structure with 4:1 

Tree A 

Tree B 
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redundancy.  The four quad tree components of each coefficient are combined by simple 

sum and difference operations to yield a pair of complex coefficients. These are part of 

two separate sub-bands in the adjacent quadrants of the 2D spectrum. This produces six 

directionally selective sub-bands at each level of the 2D DTCWT. 

 

The complex filters in DTCWT can separate positive and negative frequency components 

in 1D so the DTCWT is called directionally selective and hence separate adjacent 

quadrants of the 2D spectrum. Real separable filters can not do this. 

 

The Qshift filters (below level 1) have following features. 

1. Half sample delay difference is obtained with filter delays of ¼ and ¾ of a sample 

period (instead of 0 and ½ a sample for original DTCWT). This is achieved with a 

asymmetric even-length filter H(z) and its time reverse  H(z-1) 

2. Due to the asymmetry (like Daubechies filters), these filters may be designed to give 

an orthonormal perfect reconstruction wavelet transform 

3. Tree b filters are the reverse of tree a filters and reconstruction filters are the reverse 

of analysis filters, so all filters are from the same orthonormal set 

4. Both trees have the same frequency responses and symmetric sub sampling. 

 

As mentioned earlier, the two trees consist of low-pass filters with group delays which 

differ by half a sample period. This ensures low aliasing energy and hence good shift 

invariance. The Qshift version of DTCWT achieves this with filters with group delays ~ 

¼ and ¾ of a sample period, and has some additional features. Tree b filters are the time-

reverse of the tree a filters. The orthonormal bases yield a tight frame transform. The 

complex bases are linear phase, since their magnitudes are symmetric and their phases are 

anti symmetric (with a 45 degree offset). 

 

Qshift filter design requires the following characteristics. 

1. No aliasing   : G1(z) = zH0(-z) ; H1(z) = z-1G0(-z) 

Aliasing means an effect that causes different continuous signals to become 

indistinguishable (or aliases of one another) when sampled. It also refers to the 
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distortion or artifact those results when a signal is sampled and reconstructed as an 

alias of the original signal. The Qshift filter does not give this effect hence all filters 

are from the same orthonormal set 

 

2. Perfect Reconstruction (PR): H0(z)G0(z) + H0(-z)G0(-z) = 2 

Filter design for perfect reconstruction feature can be detailed as follow. For PR and 

orthogonality, H0(z) G0(z) = H0(z) H0(z-1) must have no terms in z2k except the term 

z0. So, H0(z2) H0(z-2) must have no terms in z4k except in term z0.  

But   HL2(z) = H0(z2) + z-1H0(z-2) 

and so   HL2(z) HL2(z-1) = 2 H0(z2) H0(z-2) + z-1H2
0(z-2) + z H2

0(z2) 

       Odd power of z only 

So HL2(z) HL2(z-1) must have no term in z4k except the term in z0. 

Hence it can be concluded PR as a direct design constraint on HL2(z) HL2(z-1). 

 

3. Orthogonality  : G0(z) = H0(z-1) 

If vectors are called orthogonal to each other then theirs length are also equal. 

 

4. Group delay ~ ¼ sample period for H0 

Filter design for delay feature can be detailed as follow. To get 2n tap lowpass filters, 

H0(z) and G0(z), with ¼ and ¾ sample delays. Design a 4n tap symmetric lowpass 

filter HL2(z) with half the required bandwidth and a delay of ½ sample. Subsample 

HL2(z) by 2:1 to get H0(z) and G0(z). 

 

5. Good smoothness properties when iterated over scale 

Filter design for smoothness feature. In order too get smoothness when iterated over 

many scales, ensure that stopband of H0(z) suppresses energy at frequencies where 

unwanted passbands appear from subsampled filters operating at coarser scales. 

 

All filters in DTCWT produce tight frames, linear phase and reconstruction complex 

wavelets. As the length of the filters (2n) increases, the design method makes 
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improvements in stopband attenuation, constancy of group delay and smoothness in the 

resulting wavelet bases. Hence accuracy of shift invariance can be obtained. 

 

4.3.2 Sampling Symmetric 

 

In a regular multiresolution pyramid structure each filter should be symmetric about its 

mid point. Each parent coefficient should also symmetrically align below the mean 

position of its 2 children or 4 children in 2D. 

 

For the Q-shift filters, Figure 4.4 shows that parents are symmetrically below their 

children and that Hi and Lo filters at each level are aligned correctly. The combined 

complex impulses responses are conjugated symmetric about their mid points because 

one Q-shift tree is the time reverse of the other, even though the separate responses are 

symmetric. That is why for image edges symmetric extension is still an effective 

technique. 

 

DTCWT is suitable for application in motion estimation and compensation. When two 

frames of an image sequence are evaluated by the CWT, the phase shifts of the complex 

coefficients from one frame to the next tend to be proportional to the displacement or 

motion normal to the orientation of each directional sub-band. Hence it is possible to 

conclude the displacement vectors at most points in the current frame. Similar principles 

can also be used to complete sub-pixel motion compensation, although spline methods 

may be equally effective in this case. 

 

The DTCWT is shown to have good shift invariance properties, given suitably designed 

bi-orthogonal or orthogonal wavelet filters. These properties widen to multiple 

dimensions, where either good directional selectivity or approximate rotational invariance 

can also be provided. The computational benefits of the complex wavelet approach over 

undecimated wavelets are particularly significant with multi-dimensional signals. More 

computationally efficient approach to shift invariance, the Dual-Tree Complex Wavelet 
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Transform (DTCWT) also gives much better directional selectivity when filtering multi-

dimensional signals.  

 

4.4 Features of DTCWT 
 

In the previous section, the primary disadvantages of the DWT were discussed. Several 

researchers have proposed different techniques to overcome these drawbacks and create a 

robust and informative transform for signal-processing applications [15]. DTCWT has 

several useful features. They are shift invariance, good directionality and contain phase 

information.  

 

4.4.1 Shift Invariance 

 

A transform will be said shift sensitive if an input-signal shift causes an unpredictable 

change in transform coefficients. The DWT is disadvantaged seriously by the shift 

sensitivity that comes from down-samplers in the DWT implementation. Shift sensitivity 

is an undesirable property because DWT coefficients will fail to distinguish between 

input-signal shifts. 

 

Because down-samplers in the DWT implementation causes shift sensitivity, Guo et al. 

[18] implemented the undecimated DWT, wavelet transform without downsamplers. 

Although the undecimated DWT is shift insensitive, without downsamplers it has high 

transform redundancy. The disadvantage is that the high transform redundancy requires a 

massive storage requirement that makes the undecimated DWT not suitable for most 

signal processing applications.  

 

Benno and Moura [24] implemented optimal or best-basis methods wavelet designs to 

reduce DWT shift-sensitivity without any increasing in transform redundancy as an 

alternative to the undecimated DWT. Another method called the double-density wavelet 

transform (DDWT) is proposed by Selesnick and Sendur [25] which has a low-

redundancy DWT extension with reduced shift sensitivity.  
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Besides minimizing the unpredictable responses to input-signal shifts, Simoncelli et al 

[44] proposed a new measure with a radically different approach to reduce shift 

sensitivity known as shift ability. According to their definition, a transform can be said 

shiftable if and only if transform-subband energy is invariant under input signal shifts. 

Shift ability is important for signal processing applications although weaker than shift 

invariance because it is equivalent to interpolability that is a property to ensure the 

preservation of transform-sub-band information under input signal shifts.  

 

Simoncelli et al and Wang [26] emphasized that since the Nyquist criterion is sufficient 

and necessary for shift ability, the only non-redundant and shiftable DWT is the DWT 

based on the Shannon wavelet. Because this particular DWT is practically unrealizable, 

Simoncelli et al constructed the steerable pyramid, which is a non-separable, highly 

redundant, directional, multiscale transform that attains approximate shift ability.  

 

Abry [48] first suggested that approximate shiftability is possible in a DWT with a fixed 

small amount of transform redundancy. Abry demonstrated that a pair of real wavelets 

such that one is approximately the Hilbert transform of the other. The pair of DWT trees 

that implement the DWTs associated with the wavelet pair. A complex coefficient is 

obtained by interpreting the wavelet coefficient from one DWT tree as the real part of the 

complex coefficient and the corresponding wavelet coefficient from the other tree 

represented the imaginary part.  

 

Magarey and Kingsbury [31] cited that the complex wavelet coefficient can also be 

obtained by using a single DWT tree based on a quasi-analytic wavelet. Implementation 

in the complex coefficient filters of this DWT have approximately half the bandwidth of 

the real filters associated with the DWT tree corresponding to a real-valued wavelet. 

Consequently, the Nyquist criterion is approximately appropriate in each subband, and 

hence the DWT has approximate shiftability. But then, since the quasi-analytic DWT is 

not an invertible transform, it can be used for analysis, but not for processing.  
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Kingsbury [17] developed the Dual-Tree Complex Wavelet Transform (DTCWT), which 

is a quadrature pair of DWT trees similar to Abry’s to overcome processing disability. 

Both the DTCWT and Abry’s transform achieve approximate shiftability and invertible. 

Selesnick [49] later proposed a general spectral-factorization method to design a 

quadrature wavelet-pair with specified length and vanishing-moment multiplicity as an 

alternative. Gopinath [2001] generalized this design method to obtain tuples of wavelets 

in quadrature [50].  

 

4.4.2 Good Directionality 

 

Poor directionality of an n dimensional transform is when in the spatial domain the 

transform coefficients only reveal a few feature orientations. The separable two-

dimensional (2-D) DWT partitions in the frequency domain are distributed into three 

directional subbands. Hence, it is able to distinct between three spatial-domain feature 

orientations: horizontal, vertical, and diagonal. 

 

Natural images are consisted of smooth regions with edges punctuation at several 

different orientations. Consequently, poor directionality can not promise better 

representation of the DWT for natural images. Non-separable multidimensional 

filterbanks have been implemented to get excellent directionality because they can 

optimally partition the frequency domain. To avoid complicated and non-separable filter 

design, the DTCWT uses the filterbanks with separable and analytic filters. This 

technique can also provide complex wavelet transforms with improved directionality. 

  

4.4.3 Phase Information 

 

The motivation to develop the continuous wavelet transform is because traditional Gabor 

analysis is incapable of decomposing functions. Such decomposition that provides phase 

information is greatly benefits signal processing applications. However, most DWT 

implementations use filters that are associated with real-valued wavelets. As a 

consequence, signal processing algorithms lose significant advantages of phase 
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information. However, the DTCWT and the steerable pyramid are two multiresolution 

decompositions providing phase information. The phase information in the DTCWT is 

associated with quasi-analytic wavelet decomposition. Moreover, it has been exploited 

for various image processing applications. 

 

Romberg et al [43] combined a hidden Markov tree model with the complex DTCWT 

coefficients and also performed image denoising and texture classification. The steerable 

pyramid introduced by Simoncelli et al uses non-separable filters with real coefficients to 

improved directionality and be approximate shiftability. In order to obtain phase 

information, van Spaendonck and Baraniuk [47] formed complex steerable pyramids that 

use analytic non-separable filters. Portilla and Simoncelli [51] expanded a model that 

integrated with the cross-scale phase statistics of complex steerable-pyramid coefficients. 

This model proved useful in a texture synthesis application. Van Spaendonck and 

Baraniuk [47] verified that the smooth envelope of the complex steerable-pyramid basis 

functions is useful for seismic signal processing. CWT can provide useful phase 

information that may be easily exploited for signal-processing applications. 

 

4.5 Summary 

 

In summary, DTCWT has the following properties: 

1. Approximate shift invariance; 

2. Good directional selectivity in 2-dimensions (2-D) with Gabor-like filters and also 

true for higher dimensionality, m-D; 

3. Perfect reconstruction (PR) using short linear-phase filters; 

4. Limited redundancy, independent of the number of scales, 2 : 1 for 1-D or 2m : 1 for 

m-D; 

5. Efficient order-N computation which is only twice the simple DWT for 1-D or 2m 

times for m-D and contains phase information. 

Shift invariance, as one of the important properties, is also important in motion 

estimation. Based on this study, DTCWT is proposed to carry out motion estimation for 

this research work. 



 

 

47

 Chapter 5 

Development and Analysis 
 

 

5.1 Introduction 

 

As discussed in the previous chapters’ motion estimation incurs high computational cost, 

long processing time, and large memory storage. This warrants further investigation and 

hence, one of the objectives of this thesis is to minimize memory usage. 

 

Based on literature review as detailed in previous chapter, this research has implemented 

a hybrid video compression algorithm using a combination of Adaptive Rood Pattern 

Search algorithm and Dual Tree Complex Wavelet Transform for mobile devices. 

 

In this chapter, development of a new proposed video codec is presented and discussed. 

Section 5.2 gives an overview of the codec. Section 5.3 contains video sequences used as 

data tests. Algorithm testing can be seen in Section 5.4. 

 

5.2 Algorithm Overview   

 

This section will give an overview of the new proposed motion estimation algorithm. The 

algorithm is a combination of the Dual Tree Complex Wavelet Transform (DTCWT) 

combined with Adaptive Rood Pattern Search (ARPS). Dual Tree Complex Wavelet 

Transform and Adaptive Rood Pattern Search have been discussed in Chapter 3 and 4. 

ARPS is used because it takes up less computation and time [16]. The reason for utilizing 

the DTCWT is that it has a shift invariant property which is useful in motion estimation 

[9]. It is envisaged that the combination of ARPS and DTCWT for video compression 

can improve PSNR result [14]. 
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The new proposed algorithm is as follows. 

 

1. Transform each video sequences with DTCWT 

2. Use the real low pass sub band of transformed video sequences  

a. Frame n as reference input and  

b. Frame n+2 as input to find motion vector 

3. Carry out ARPS algorithm motion estimation 

4. Inverse DTCWT the frame n 

5. Perform motion compensation for the inversed frame n and motion vector 

 

More detail about each step will be explored in detail later. 

  

5.3 Video Sequences 

 

The above-mentioned algorithm is tested using several standard video sequences. A non–

standard video sequence, that is Hanif, was also used to test the algorithm.   

 

Related to the characterization of the test sequences, International Telecommunication 

Union (ITU) recommends using Video Content Categories as shown in Table 5.1. 

 

Table 5.1 Video Content Categories [35] 

 

Category Description 

A One person, mainly head and shoulders, limited detail and motion 

B One person with graphics and/or more detail 

C More than one person 

D Graphics with pointing 

E High object and/or camera motion beyond the range usually found in video 

teleconferencing 
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Besides based on Video Content Categories, motion in each sequence is also considered 

in grouping these data. They are grouped into five groups as presented in Table 5.2. 

 

Table 5.2 Moving Area 

 

Group Sequences Moving Area (%) 

1 Hanif 84.13 

2 Missa 84.70 

3 Susie 85.87 

4 Caltrain 91.64 

5 Football 94.99 

 

As shown in Table 5.2, groups are sorted ascending based on percentage of moving area. 

As mentioned in Chapter 3, Nie and Ma [2002] use static area to show that a large 

percentage of zero-motion blocks are encountered in such type of video sequences [30]. 

In this thesis, moving area is used which is equal to the original area subtract the static 

area. The moving area is determined by subtracting each frame with the next frame. This 

research tested sequences which each has 32 frames. Its non-zero difference between 

frames which represented their motion is then compared to the total area of the frame.  

 

       %1001% x
sizeframe

nframenframezerononofamountareamoving 
  (5.1) 

 

5.3.1 Hanif Sequences 

 

Group 1 video sequence has less motion but random in its motion. The video sequence is 

recorded with a commercial digital camera. In that video sequence, Hanif is throwing a 

ball and also turning his body. It is noted that the amount of motion increases frame by 

frame.  

 

The Hanif sequences are shown in Figure 5.1. 
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Frame 001      Frame 016 

 

 

 

 

 

 

 

 

            Frame 030 

Figure 5.1 Hanif sequences frame 001 - 016 - 030 

 

 
 

Figure 5.2 Hanif Movement 
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Figure 5.2 shows the movements of Hanif sequence. The figure shows the element 

difference between Hanif frame 001 and frame 002. Black area indicates static area 

while the moving area is in white. 

 

It can be seen that movement is concentrated on Hanif himself and ball. The white areas 

showed a little shifted movement because non stationary camera has been used to do the 

recording. 

 

5.3.2 Missa Sequences 

 

Group 2 consists of the Missa video sequence. It is an example of monotonous motion 

of the head. Missa is a typical example of video footage that can be seen on television, 

an example a newsreader. They have similar information in the background. The 

movements also can be classified as a minor movement with unvaried direction. The 

video frames of Missa sequence is shown in Figure 5.3.  

 

As mentioned earlier the Missa video sequence resembles a newsreader. In the video 

sequence, Missa moves her head and which in turn influenced her shoulders movement. 

Meanwhile background is static. The color brightness of her clothes is similar with the 

background. All these factors consider she looks static even actually there are some 

movements. Difference of Missa frame 001 and frame 002 is taken to be shown in 

Figure 5.4. White area of Missa is spread out. It seems so wide but in fact, most of those 

are not exactly move. 
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Frame 001    Frame 016 

 
Frame 030 

Figure 5.3 Missa sequences frame 001 – 016 – 030 

 

 
Figure 5.4 Missa Movement 



 

 

53

5.3.3 Susie Sequences 

 

The third group is the Susie sequence. This video sequence is similar to the Missa 

video, in that there is little moment. All the moments are concentrated on the hand, facial 

features, and shoulders of Susie, the subject of the video sequence. The movement 

directions are varied compared with the movements in group 2. Susie moves her hand to 

pick up the phone, bring the phone to her ear, blinking her eyes and moving her head. All 

the frames of Susie sequences are shown in Figure 5.5. 

 
Frame 001    Frame 016 

 
Frame 030 

Figure 5.5 Susie sequences frame 001 - 016 – 030 
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Figure 5.6 Susie Movement 

 

The Susie video sequence is similar to the Missa video sequence. The difference is 

that the Susie video sequence focuses on facial movement. The Susie video sequence 

is shown in Figure 5.6, white area, which represents the moving part, covers most parts of 

each frame. Note the difference between frame 001 with frame 002. 

 

5.3.4 Caltrain Sequences 

 

In group 4 the Caltrain sequence has two kinds of motions. First is the movement of 

the mobile and the second is the movement in the background. Figure 5.7 shows that train 

is moving to the left and the background is shifted to the right while the camera tracks the 

movement of the train. Figure 5.8 will show frames of Caltrain sequences. In the 

Caltrain sequence, the model train is moving along the rail while the camera is 

following the train movement. This gives a visual sensation that the background is 

moving. The ornament that places in the middle of the scene is also seen to be rotating. 

The white area in Figure 5.7 is wide and spread out because it shows the movement of 

background. The black area represents static part. 
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Figure 5.7 Caltrain Movement 

 

 
Frame 001    Frame 016 

 
Frame 030 

Figure 5.8 Caltrain sequences frames 001 - 016 – 030 



 

 

56

5.3.5 Football sequences 

 

The Football sequence is a representation of complex motion sequences. It can be 

seen that there are a lot of movement. This is big contrast to the previous video sequences 

presented so far. The Football video sequence can be seen in Figure 5.9. 

 

As shown in Figure 5.10, the area with white color indicates moving area while the areas 

that are black are the static area. If the whole part of this sequence is viewed, it can be 

seen that the direction of their motions is spread out and random. 

 

 
 

Figure 5.9 Football Movement 
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Frame 001    Frame 016 

 
Frame 030 

Figure 5.10 Football sequences frame 001 - 016 – 030 

 

5.4 Algorithm Testing 

 

The algorithm described in Section 5.2 is applied to each sequence of the five sequences 

described earlier. Hanif sequence is used to show the result of proposed algorithm. In 

performing comparison, the DCT-based algorithm is also executed. The rest of whole 

algorithm is same. 

   

Figure 5.11 Original Hanif frame 030 and 032 
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Two pictures, Hanif frame 030 and 032 shown in Figure 5.11 are used as input. 

 

1. Transform video sequences with DTCWT and also DCT for comparison purpose 

2. Use the real part low pass sub band of transformed video sequences  

a. Frame 030 as reference input and  

b. Frame 032 as input to find motion vector 

3. Carry out ARPS algorithm motion estimation. This step produced motion vector. 

 

DCT Motion vector (2x46) = 
 
0 0 0 0 0 0 0 0 0 0 0 0
 0 0 0 0 0 0 0 0 0 0 0
 0 0 0 0 0 0 0 0 0 0 0
 0 1 0 0 0 0 0 0 0 0 0
 0 
 
0 0 0 0 0 0 0 0 0 0 0 0

 0 0 0 0 0 0 0 0 0 0 0

 0 0 0 0 0 0 0 0 0 0 0

 0 0 0 0 0 0 0 0 0 0 0 

 

DTCWT Motion vector (2x46) = 

 
0 0 1 1 3 1 0 -2 0 0 0 0
 0 1 -2 -1 0 -1 0 0 0 -1 0
 0 0 0 0 0 0 0 0 0 0 0
 0 0 0 0 0 0 0 0 0 0 0
 0 
 
0 0 0 0 0 0 0 0 0 0 0 0
 0 0 0 0 0 1 0 -1 0 0 0
 0 0 0 0 0 0 0 0 0 0 0
 0 0 0 0 0 0 0 0 0 0 0
 0 
 
 

4. Inverse DTCWT and DCT for the frame 030 

5. Do motion compensation for inversed frame n and motion vector 
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Figure 5.12 Final Result 

 

Figure 5.12 is the final result of both methods. It is noted, at first glance there seem to be 

no difference between them. But the PSNR measurement and subjective visual quality 

assessment indicate that DTCWT-based algorithm is better than DCT-based algorithm. 

The details will be explained later. 

 

5.5 Results Obtained From the Proposed Algorithm  

 

Development of video compression algorithm has been completed. Several data tests 

have been used as input to test the proposed algorithm. The difference of both algorithms 

is in the transform part. While the former algorithm using DCT as its transform method, 

the proposed algorithm uses DTCWT. 

DCT-based DTCWT-based 
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In this part, the results obtained from testing the complete algorithm in the previous 

chapter will be discussed. The mathematical transform, computational cost, time taken to 

execute algorithm and memory usage are discussed in this chapter.  

 

This research has been carried out using MATLAB 7.1 in computer with 1,5GHz Intel 

Pentium Processor, 598MHz and 768MB of RAM. The following section will present 

advantages of this method as an alternative algorithm for application in video 

compression for mobile devices. 

 

5.5.1 Transform 

 

As mentioned in chapter 4, the mathematical transform plays an essential in a typical 

video codec. The DCT has long been a transform of choice for image and video 

compression algorithms. DCT is simple and easy to implement, however in recent years 

wavelets become popular and it offers better results in terms of visual quality and 

compression ratio.  

 

Compared with the former transforms using DCT and DWT, the time needed for 

executing DTCWT is shorter than DWT as shown in Table 5.3. This is because the 

process in DTCWT just uses simple arithmetic operation. 

 

Table 5.3 Time Needed to execute Transform 

Method Average transform Time (s) Average inverse transform Time (s) 

DCT 0.001791 0.110391 

DWT 0.056002 0.204136 

DTCWT 0.150228 0.029242 

 

This transformation applied to Lenna.png. Experimental results in Table 6.1 showed that 

wavelet takes more time to complete compare to DCT. Those data are taken by using 

timer in MATLAB environment. 
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5.5.2 Computational Cost and Time needed 

 

As mentioned in previous chapter, computational cost is one of the problems in 

compression. It is also related to time needed. Computational cost will be higher when a 

more complex algorithm is executed. 

 

In this thesis, computation is computed based on how many times Mean Absolute 

Difference (MAD) has been executed divided by amount of blocks evaluated [16]. 

 

With reference to Table 5.4 it can be seen that for most of sequences, the hybrid method 

yields better PSNR value but requires more computation and time (except for Susie and 

Football sequence). Time needed is an important parameter for comparing several 

algorithms.  

 

For the Caltrain sequence, the hybrid algorithm involved 10.071 computations in 

8.352 seconds while with ARPS only needs 8.8 seconds for processing 9.763 

computations. Also in the two other groups, that is, Missa and Hanif sequences, it is 

shown that the computations and time needed increases linearly. For the Susie video, 

5.903 computations were completed in 6.2504 seconds. In Susie and Football 

sequences, there are a lot of shifted motions so computations as well as time consuming 

are decreased. 

 

In summary it can be said that there is a linear relation between computation and time 

needed. On the other hand, time needed and computation decease if there are a lot of 

shifted motions like in Football and Susie sequence. 

 

 

 

 

 

 



 

 

62

Table 5.4 Comparison of Sequences 

 

Sequences Method Computation Time (s) PSNR (dB) 

Susie DCT + ARPS 5.903 6.2504 34.069 

DTCWT + ARPS 5.8121 6.0843 38.674 

Football DCT + ARPS 10.724 8.3044 20.577 

DTCWT + ARPS 10.87 7.4873 21.81 

Hanif DCT + ARPS 6.8113 7.1949 31.61 

DTCWT + ARPS 6.8963 7.5757 31.977 

Missa DCT + ARPS 7.3283 7.2744 34.187 

DTCWT + ARPS 8.649 8.0243 36.164 

Caltrain DCT + ARPS 9.763 8.352 21.163 

DTCWT + ARPS 10.071 8.8 23.149 

 

 

5.5.3 DTCWT level n 

 

In this research, the proposed algorithm only uses the first level decomposition of 

DTCWT. This is because it will be compared with the first level also of DCT and DWT. 

For more detail observation, higher level of decomposition of DTCWT is used. The 

results are discussed in the next paragraph. 

 

With reference to Table 5.5, the Football sequences are computed using DTCWT at 

different levels. At level 1, computation is 10.87 then at level 2 it come to 10.377 and 

9.4667 for level 3. The PSNR values are 21.81 dB, 19.4155 dB and 17.8105 dB at the 

mentioned respective levels.  The time for computation decreases from 19.374 seconds 

for level 1 to 17.466 seconds for level 2 then for level 3 it costs 17.389 seconds. It is 

noted that from level 1 to level 3, the computation cost, PSNR and time decreases. 

Nonetheless the PSNR values start to increase while computation and time increases at 

higher levels of decomposition. 
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Table 5.5 Football Sequences 

 

Level Block Size Computation PSNR (dB) Time (s) 

1 16 x 16 10.87 21.81 19.374 

2 16 x 16 10.377 19.4155 17.466 

3 16 x 16 9.4667 17.8015 17.389 

4 16 x 16 5.5 18.6807 17.247 

5 16 x 16 3 24.0911 17.178 

 

The block size is related to level of decomposition. As shown in Table 5.5 above, higher 

level will give better PSNR results and need less time to compute. That is because in 

higher level of DTCWT, its real sub band has smaller size. This result can be used to 

improve the performance of video codec. 

 

5.5.4 Memory Usage  

 

Mobile devices have limited memory but the video codec algorithm requires significant 

memory resources. In this research, the new proposed algorithm uses less memory 

compared to the ARPS algorithm. The comparison of memory usage for several video 

sequences is shown in Table 6.4. 

 

As it can be seen from the results from Table 5.6 the difference of memory usage varies. 

For Missa sequences, the memory usage is 216 kB, while for Susie and Hanif 

sequence the memory usage is 47 kB and 60 kB respectively. Caltrain sequences 

memory usage is 151.4 kB. The maximum difference is reached by Football 

sequence. It shows that complexity in motion is not a guarantee for decreasing of memory 

usage while it still requires large enough memory to execute an algorithm. 
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Table 5.6 Memory Usage of Video Sequences 

 

Sequences Method Memory Usage (kB) Mem Usg (kB) 

Missa DCT + ARPS 1428 
216 

 DTCWT + ARPS 1212 

Caltrain DCT + ARPS 2387.4 
151.4 

 DTCWT + ARPS 2236 

Football DCT + ARPS 3780 
897.6 

 DTCWT + ARPS 2882.4 

Susie DCT + ARPS 2965 
47 

 DTCWT + ARPS 2928 

Hanif DCT + ARPS 828 
60 

 DTCWT + ARPS 768 

 

5.6 Visual Quality 

 

Video quality can be recognized from its visual quality. A common evaluation parameter, 

PSNR is used here to evaluate the video quality. In addition, a subjective visual quality 

evaluation is also carried out. 

 

5.6.1 PSNR 

 

The formula of PSNR has been mentioned in Chapter 3 by equation 3.3. For Caltrain 

sequence, by implementing original ARPS method, PSNR of the result is 21.163 dB 

while 23.149 dB can be reached by applying the combined method so there is 1.986 dB in 

PSNR difference. When the original ARPS method is applied to a complex motion like 

the Football sequence, it yields a PSNR of 20.577 dB while the hybrid method can 

improve it to 21.81 dB. This gives a 1.233 dB in PSNR difference. In Figure 5.7, it can be 

seen that overall DTCWT-based method can give better PSNR result. 
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Table 5.7 PSNR of Each Sequence 

Sequence Method PSNR (dB) 

Caltrain DCT + ARPS 21.163 
DTCWT + ARPS 23.149 

Susie DCT + ARPS 34.069 
DTCWT + ARPS 35.674 

Football DCT + ARPS 20.577 
DTCWT + ARPS 21.810 

Missa DCT + ARPS 34.187 
DTCWT + ARPS 36.164 

Hanif DCT + ARPS 31.610 
DTCWT + ARPS 31.977 

 

 

5.6.2 Subjective Visual Quality 

 

It is has been long accepted that the PSNR measure is used as an estimate of the quality 

of a reconstructed image compared with an original image. It is computed using the mean 

square error (MSE) defined in the equation 3.2. 

 

The equation is only an approximation of  yxI ,  where I is the original image. Therefore 

it can be argued that PSNR is only an approximation.  PSNR is a good measure for 

comparing a reconstructed image with the original image, but comparing visual quality of 

images using PSNR is meaningless. For example an image with a 15 dB PSNR may look 

better than an image with a 25 dB PSNR.   

 

MSE and PSNR are convenient mechanisms for evaluating information loss and they are 

widely used in many applications, in particular in image coding. One reason why they are 

so widely used is because they are easy to calculate and usually have low computational 

complexity. However, they do not correlate well with the human perception of image 

quality [46]. Measuring image quality by subjective evaluations of human observers often 

is more appropriate. Furthermore, most reconstructed images are ultimately viewed by 

humans. For this reason, this thesis argues that subjective visual quality based on human 

perception is more appropriate for evaluating image quality. 
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In order to ascertain the subjective visual quality based on human perception a survey 

was carried out with 50 undergraduate students. This group of students was chosen 

because they are mobile telephone users or potential mobile telephone users who are most 

likely to use stream video using mobile telephones. 

 

The survey form can be found in Appendix B Subjective Visual Quality. Each student 

was asked to rate each image based on the following values.  

 
Value Rating Description 

1 Excellent An extremely high quality video. 
 

2 Fine A high quality video. Artefacts are not objectionable. 
 

3 Passable An acceptable quality video. Artefacts are not objectionable. 
 

4 Marginal A poor quality video. Artefacts are somewhat objectionable. 
 

5 Inferior A very poor video, but still acceptable.  Artefacts are visible and 
objectionable. 
 

6 Unusable A bad video that it is unacceptable. 
 

The above rating scheme is a modified version of Frendendall and Behrend (1960) work 

for evaluating television images. The modified version [52] was used to evaluate 

compressed still images. 

 

The results are shown in the following figures. Sequences A is the result of DCT and 

ARPS algorithm while sequences B is the result of DTCWT and ARPS algorithm. 
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Figure 5.13 Subjective Visual Quality of Hanif Sequence 

 

For Hanif sequence, it can be seen in Figure 5.13 that Hanif A is passable (3) and  

Hanif B is fine (2). For Hanif A, the values are concentrated in passable (3) and 

marginal (4) meanwhile for Hanif B, it ranges from excellent (1) to marginal (4). 

These results implied that the proposed hybrid algorithm can perform better than the 

ARPS. 

 

0

5

10

15

20

25

1 2 3 4 5 6

Value

Fr
eq

Missa A

Missa B

 
Figure 5.14 Subjective Visual Quality of Missa Sequence 
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The majority responders put Missa A and B on passable (3) as shown in Figure 5.14. 

But it can be seen that for Missa A, the value is between fine (2) and  passable (3) 

while for Missa B is around passable (3) and  marginal (4). It means that the proposed 

method still can perform better against the DCT based method. In this group, the 

sequence does not have complex motion. Respondents can easily see the picture in every 

frame. 
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Figure 5.15 Subjective Visual Quality of Caltrain Sequence 

 

Most respondents give a Passable (3) for Caltrain A and fine (2) for Caltrain B. 

This respond suggests that the proposed method result is still comparable with DCT 

based methods. It shows that even for rather complex motion, the proposed method has 

good potential. 
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Figure 5.16 Subjective Visual Quality of Susie Sequence 

 

For Susie B, most respondents award a fine (2) and marginal (4) for Susie A as 

shown in Figure 5.16. It shows that the proposed method is comparable with the original 

ARPS method. It also indicates that the proposed method can work better for sequence 

which has motion is not so complex but the moving area is quite wide. 
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Figure 5.17 Subjective Visual Quality of Football Sequence 
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For Football sequence, most respondents have chosen this as the worst quality, 

unusable (6). Meanwhile, most respondents agreed that the quality of Football B is 

passable (3) as can be seen in Figure 5.17. Many respondents reported that they have 

problem viewing it clearly because of its complex motion. 

 

5.7 File Size Compression 

 

This section will discuss the file size compression. Table 5.8 shows file size of each 

sequences after process. The file compression is calculated using the following equation. 

 

  %100% x
A

BAnCompressioFile 
      (5.1) 

 

File compression is calculated by comparing the difference between original size (A) and 

result size (B) or can be shown as equation 5.1 

 

Table 5.8 File Size Compression 

Sequences Original size (kB) Method Size (kB) File compression (%) 

Missa 29 DCT + ARPS 24 17.241 

  DTCWT+ARPS 22 24.138 

Susie 54 DCT + ARPS 41 24.074 

  DTCWT+ARPS 35 35.185 

Caltrain 97 DCT + ARPS 80 17.525 

  DTCWT+ARPS 77 20.619 

Football 197 DCT + ARPS 111 43.655 

  DTCWT+ARPS 86 56.345 

Hanif 60 DCT + ARPS 48 20.000 

  DTCWT+ARPS 42 30.000 

 

As shown in Table 5.8, the new proposed algorithm yields better compression in file size 

compared with the algorithm using DCT and DWT. The biggest compression is gained in 
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Susie sequence; it is 56.345% for the combined method while by ARPS only gained 

43.654%. The smallest compression obtained is the Missa sequence. File size 

compression is 17.241% for ARPS method meanwhile the proposed algorithm can give 

24.138% in file size compression. Even for Football sequence which contains high 

amount of motion sequence, there is still improvement in compression ratio. Using ARPS 

the file compression is in improved 43.654% and the hybrid algorithm is proved by 

56.345%. Overall, the hybrid algorithm can improve file compression by 20.618% to 

56.345%. 

 

5.8 Summary 

 

The chapter reported the results of the new proposed algorithm using hybrid algorithm of 

ARPS and DTCWT. It can be seen from the reported results in this thesis that the 

combination of DTCWT and ARPS’ algorithm yields better PSNR, visual quality than 

the DCT and ARPS. 
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Chapter 6 

Conclusion and Future Work 
 

6.1 Introduction 

 

In the introduction to this thesis the reasons for carrying this research and the rational for 

using DTCWT and APRS were discussed. The discussions pointed out that despite the 

significant improvements made in media storage technology and transmission media, the 

problem of low air bandwidth affecting Internet access via mobile devices, remains a 

concern. Therefore, this thesis argues that this justifies putting efforts into research in 

image compression for mobile devices like PDAs and mobile telephones. 

 

The discussions also pointed out the streaming of video content via mobile devices which 

has grown over the past two decades. Chapter 3 shows that motion estimation is the most 

expensive computationally and time-consuming process in motion based video 

compression process. Therefore, this thesis has focus on these issues affecting motion 

estimation.  

 

Motion Estimation 

Several motion estimation methods were explored in chapters 2 and 3. The study showed 

that significant challenges for motion estimation still exist. These include high bit rate, 

high computational cost, long transmission time, storage requirement and delay. 

 

Each of the algorithms discussed has its own advantages and disadvantages. The block-

based [16] method has been widely used in many applications. This thesis has shown that 

it is possible to modify the block-based method which can be implemented easily. The 

gradient field and phase correlation methods are also promising methods but it requires 

special effort to find the gradient fields and or phase information of a signal. In addition 
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variations in gradient field or phase information can cause difficulty. Andre et al [11] 

have shown that adding chrominance information in wavelet domain can be done in order 

to reduce the number of mismatch but it is not so essential. Luminance information is 

enough to compress data. Mesh based method proposed by Cui et al [4] is also discussed. 

In Cui et al’s method, region of object can be sized based on need. Choosing control 

point is the crucial key of its success. Inappropriate control points can effect compression. 

Layered based method is discussed by Luo et al [7]. When layered method is used for 

high motion sequences, the representation will consist of many layers. With this method 

more time is needed for processing and also its computational cost becomes problem. It is 

observed that based on those studies, this thesis proposes to use a hybrid wavelet 

transform method with block matching based motion estimation. 

 

The Proposed Algorithm 

As discussed earlier block matching techniques are popular and efficient of the various 

motion estimation techniques. Chapter 3 presented seven popular block matching 

algorithms with their comparative study as part of the literature review. One these block 

matching technique discussed is a novel simple fast block-matching algorithm called 

Adaptive Rood Pattern Search (ARPS) has been proposed. By taking advantage of higher 

distribution of MVs in the horizontal and vertical directions and the spatial inter-block 

correlation, ARP adaptively utilizes adjustable rood-shaped search pattern which is 

powerful in tracking motion trend and also together with the search point specified by the 

predicted MV, to match different motion contents of video sequence for each macro-

block. In addition, ARPS has an optional zero-motion prejudgment (ZMP) to get further 

assistance for small motion video sequence. 

 

ARPS’s regularity and simplicity are very desirable and attractive for hardware 

implementation. Therefore, this thesis concludes that the ARPS is a very efficient and 

robust motion estimation algorithm for real-time video coding applications. For this 

reason the APRS is chosen for this research work. 
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Another area that has been explored in detail in chapter 4 is the DTCWT. DTCWT has 

several properties. Shift invariance, as one of the important properties, which is also 

important in motion estimation. It is also for this reason that the DTCWT is proposed to 

be used in application of motion estimation. 

 

Motivated by the advantages of the DTCWT and ARPS, this thesis proposed an 

implemented a video compression method using a combination of DTCWT and the 

ARPS. The detail of this hybrid algorithm is explained in detail in Chapter 6.  

 

The evaluation results clearly show that potential gains may be achieved by the 

application of the hybrid algorithm. The results show that the PSNR and visual quality is 

improved and less memory is required for the algorithm.  

 

Contributions 

This section describes the contributions made by this thesis. The contributions are 

classified into main contributions based on the work carried out in this thesis and 

contributions based on previous work. This classification is, of course, subjective and 

represents the author’s opinion. 

 

Main Contribution 

A hybrid wavelet-based motion estimation algorithm for mobile devices.  

 

Other Contributions 

A visual quality scoring system as used in Chapter 5. 
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6.2 Future Work 

 

Based on the work reported in this thesis, this section puts forward some ideas for future 

work. One area that can be explored is to use higher level of decomposition of DTCWT 

with the new proposed algorithm.  

 

One possible direction for future work is to consider a hardware implementation of a 

wavelet-based motion estimation for a video codec which may be incorporated into a 

mobile device. A special purpose FPGA chip may be designed and fabricated to 

implement the algorithm. This would significantly improve the video codec performance. 

 

In conclusion, this thesis has demonstrated that a hybrid wavelet-based approach to 

motion estimation can offer improvements in video compression for mobile applications. 


